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Abstract 

This research focuses on the alignment of the nurse planning with patients’ care demand by 

considering flexible staffing on the inpatient ward level. The nurse scheduling problem (NSP) as well 

as different forms of flexible staffing have been frequently discussed in scientific literature. However, 

the problem of how to incorporate flexible staffing within the nurse planning policy is little known 

about. This research focuses on this integration and is conducted at Bernhoven, a general hospital in 

The Netherlands. Bernhoven already started with developing a flex pool, but the organization of 

flexible deployment is still a challenge. The first part of the research deals with the calculation of 

required nursing hours: Evidence Based Staffing (EBS) models are developed to consider the 

influence of care burden and a period clustering analysis (PCA) is done to examine fluctuations in 

patients’ care demand. The EBS models are validated by cross validation and the PCA is validated by 

a similar study conducted at another hospital and by expert opinion. The second part considers 

flexibility scenarios. A simulation model is developed in order to select the most optimal flexibility 

scenario per unique cluster (i.e. a period cluster combined with an EBS model). Scenarios represent 

different combinations of the amount of dedicated and flexible nurses on a monthly planning level 

and the simulation evaluates the effect of a scenario on medium-term and short-term deployment 

forms. Each deployment form, including cancellations, understaffing and overstaffing, is associated 

with (fictitious) costs. The optimal scenario per unique cluster is selected based on the lowest costs. 

The results show that the deployment of flexible nurses decreases the total number of required 

nurses and even more decreases the occurrences of overstaffing and understaffing. The model 

provides basic rosters per unique cluster that indicate the most optimal number of dedicated nurses 

per ward and number of flexible nurses. This method to obtain basic rosters shows how flexible 

staffing can be integrated in nurse planning policies, which reduces the gap on this topic in literature. 

The method can be used by other hospitals and healthcare organizations as well in order to decrease 

total costs while the quality of care can even increase due to a more constant workload of nurses.  
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Management Summary 
Introduction 

This research focuses on the alignment of the nurse planning with patients’ care demand by 

considering flexible staffing on the inpatient ward level. The nurse scheduling problem (NSP) as well 

as different forms of flexible staffing are frequently discussed in scientific literature. However, the 

problem of how to incorporate flexible staffing within the nurse planning policy is little known about. 

Moreover, the nurse-patient ratio (n-p ratio) is a commonly used variable within the NSP, but this 

ratio is criticized for not taking into account care burden. In order to develop new insights in nurse 

planning policies including flexible deployment as well as care burden, a case study at Bernhoven is 

performed. Bernhoven is an appropriate hospital for the purpose of this research, as Bernhoven 

already started with developing a flex pool, but the organization of flexible deployment is still a 

challenge. The current situation at Bernhoven is characterized by the deployment of a fixed number 

of nurses per ward per shift type (categorized by day, late, and night shifts and by week or weekend 

shifts) while the number of patients fluctuates for shifts within a particular shift type. This leads to 

fluctuating realized n-p ratios and indicates no proper alignment of demand and supply of nurses.  

Research design 

The central research question of this project is ‘How can nurse staffing be better adapted to patients’ 

care demand on the inpatient ward level, in terms of number of patients and care burden, by the 

deployment of flexible staffing?’. We answer this question on the one hand by determining the 

required nursing hours based on patient care demand including care burden. Evidence Based Staffing 

(EBS) models are developed to account for care burden and obtained by multiple linear regression 

analysis (MLRA). In addition, period clustering analysis (PCA) is performed to investigate seasonal 

trends in care demand. Significant different periods are identified by a MLRA and subsequently k-

means clustering analysis is applied to cluster significant different periods. On the other hand we 

developed a model that includes flexible staffing to respond to fluctuations in patient care demand. 

A simulation model is built in Microsoft Excel supported by Visual Basic for Applications (VBA) 

scripts in order to investigate different flexibility scenarios. The aim of the model is to determine the 

optimal number of dedicated and flexible nurses that should be planned within the month planning. 

The model thus focuses on the tactical planning level, i.e. the nurse staffing levels within the month 

planning. The individual rosters of nurses are beyond the scope of this research. In addition, the 

research focuses on wards of the ward blocks ’diagnostics’ and ‘surgery’ as on these wards the flex 

nurses will be deployed.   

Evidence Based Staffing models  

For each combination of shift type (i.e. day, late, and night shift) and day type (i.e. week and 

weekend), an EBS model is obtained. The models include EBS indicators, which account for the care 

burden, and variables for the wards that are considered in this research. The EBS indicators that are 

included in this analysis are: average patient census, average length of stay (LOS), number of patient 

movements per day, the Intensive Care (IC) probability, the percentage of patients with an age above 

70, and the number of different diagnoses for 80% of the patients with the most common diagnoses. 

The MLRA identified the first four EBS indicators to have significant impact on the patients’ care 

demand, although this varies between different models. In addition, the PCA including a MLRA and 

k-means clustering, leads to the identification of  four period clusters. The EBS models per shift type 
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in combination with the period clusters, lead to unique clusters for which average required nurse 

staffing levels can be calculated.  

Flexibility simulation model 

The model considers different forms of flexible deployment: fixed flexible staffing, flexible staffing 

planned with reservations, butterflying, and ad hoc deployment of flexible nurses. In addition, 

cancellation of flexible nurses is possible on intermediate level or ad hoc, based on respectively 

adjusted forecasts and actual day realizations of care demand and sick leave. Intermediate forecast 

adjustments are determined by an exponential smoothing model that considers sequential 

correlations of care demand between two days with one week in between and sick leave is 

determined by the use of Markov chains. After applying the different flexible deployment forms, three 

end situations are possible: a perfect match between demand and supply, overstaffing, or 

understaffing. Costs are attached to each deployment form, including cancellations, overstaffing, and 

understaffing. These costs are based on real costs if possible and otherwise fictitious costs are 

attached, which indicates the desirability of a deployment form (i.e. less desirable deployment forms 

are valued with higher costs).   

Flexibility scenarios are defined by combining three parameter values: for dedicated nurses, fixed 

flexible nurses, and flexible nurses planned with reservations. These scenarios reflect possible basic 

rosters for the month planning. The simulation model simulates per scenario the actions that will be 

taken on intermediate level as well as ad hoc (day realizations) as a consequence of that particular 

scenario. The optimal scenario per cluster is identified by selecting the scenario with the lowest costs.  

Results 

The simulation model resulted in basic rosters for each unique cluster that indicate the number of 

dedicated and flexible nurses that should be planned within the month planning (Table 1). This table 

shows that during day shifts and late shifts more flex nurses should be deployed compared to night 

shifts. In addition, slightly more flex nurses are required during weekdays compared to weekend 

days and period cluster 4 requires least flexibility of all four period clusters.  

Table 1 - Modeling result: basic rosters 

 

%DN %FFN %FNR B1O B1W B2O B2W1 B2W2 B3O B3W A1 #FN % of total #FN % of total 

1 Day Week 1 3,7% 0,1 0,1 0,5 6 11 4 3 5 9 7 7 4 7% 4 7%

2 Day Week 2 14,2% 0,25 0,1 0,5 5 10 4 3 4 9 7 6 5 9% 5 9%

3 Day Week 3 5,7% 0,05 0,1 0,5 5 11 4 3 4 9 7 5 5 9% 4 8%

4 Day Week 4 0,3% 0,25 0,1 0,6 6 10 4 0 4 9 6 0 1 3% 1 3%

1 Late Week 5 3,7% 0,25 0,2 0,6 4 6 4 3 4 7 6 2 6 14% 5 12%

2 Late Week 6 14,2% 0,1 0,1 0,7 4 6 4 3 3 7 6 2 5 13% 4 10%

3 Late Week 7 5,7% 0,1 0,1 0,6 4 6 4 2 3 7 6 2 7 17% 5 13%

4 Late Week 8 0,3% 0,15 0,3 0,5 4 6 4 0 3 7 5 0 0 0% 0 0%

1 Night Week 9 3,7% 0,1 0,1 0,7 2 3 2 2 2 3 3 0 1 6% 1 6%

2 Night Week 10 14,2% 0,05 0,1 0,5 2 3 2 2 2 3 3 0 1 6% 0 0%

3 Night Week 11 5,7% 0,2 0,1 0,9 2 3 2 2 2 3 3 0 0 0% 0 0%

4 Night Week 12 0,3% 0,15 0,3 0,7 2 3 2 0 2 3 3 0 0 0% 0 0%

1 Day Weekend 13 1,3% 0,1 0,1 0,5 5 6 4 2 5 8 7 0 1 3% 1 3%

2 Day Weekend 14 5,4% 0,15 0,1 0,5 5 6 4 2 5 8 6 0 3 8% 3 8%

3 Day Weekend 15 2,8% 0,05 0,1 0,9 4 6 4 2 4 8 6 0 3 8% 3 8%

1 Late Weekend 16 1,3% 0,05 0,1 0,6 5 6 4 0 4 7 6 0 1 3% 1 3%

2 Late Weekend 17 5,4% 0,25 0,2 0,5 4 5 4 0 3 7 6 0 4 12% 3 9%

3 Late Weekend 18 2,8% 0,25 0,1 0,5 4 5 3 0 3 7 5 0 4 13% 4 13%

1 Night Weekend 19 1,3% 0,2 0,2 0,6 2 3 2 0 2 3 3 0 1 6% 1 6%

2 Night Weekend 20 5,4% 0,05 0,2 0,9 2 3 2 0 2 3 3 0 1 6% 1 6%

3 Night Weekend 21 2,8% 0,05 0,1 0,6 2 3 2 0 2 3 3 0 0 0% 0 0%

Cluster
Scenario Ward Flex in basic roster Average flex deployed

ID
% of total 

shifts
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In addition, the effect of butterflying and number of nurses available for ad hoc deployment (NAADs) 

is investigated. The results show that butterflying between all wards is preferable over butterflying 

between the diagnostic ward block and surgery ward block separately as the first option prevents 

more often for quality loss or ad hoc deployment of nurses, which are assumed to be less desirable 

options than butterflying. For the number of NAADs is determined how many shifts they will actually 

be deployed. A formula is composed to make a trade-off between the number of NAADs and their 

actual deployment based on costs. This formula shows that the costs for e.g. one NAAD should be a 

factor 5.3 smaller than the cost difference between quality loss and ad hoc deployment to make one 

NAAD advantageous from a (fictitious) cost perspective. In addition, the planning policy used in 2014 

is compared to the planning policy used in the simulation model that includes flexibility and is based 

on values resulting from the EBS models. This shows that 182 nursing shifts a year can be saved by 

the policy used in the model, which is 0.5%  of the total number of nursing shifts a year. Running the 

model with the planning policy of 2014, i.e. without flexibility and with static deployment levels of 

nurses, and comparing the results with the new developed policy shows that understaffing and 

overstaffing will fewer occur: respectively a decrease of 92.4% and 66.3%. 

Discussion 

The discussion outlines that at least one flex nurse per unique cluster is advisable to capture nurse 

shortages regardless the ward on which such shortages arise. For a few clusters, the basic roster 

indicates no flex nurses have to be planned for shifts within these clusters, due to the fact that the 

EBS values of shifts within these clusters are close to each other and therefore sometimes the nursing 

requirements are already fulfilled after assigning dedicated nurses. This reasoning also implies that 

the flexible deployment is probably not yet utilized to its full potential. The closeness of EBS values 

can be explained by the fact that EBS models are based on historical data of a period in which static 

day formations are used while creating the month planning. The nursing requirements are often 

already satisfied to a large extent after assigning dedicated nurses, even if the parameter value for 

dedicated nurses (representing the percentage of shifts within a cluster that the required nursing 

hours are covered by these nurses) is very low. Furthermore, conclusions of this research are based 

on (fictitious) costs, but other factors should be evaluated as well while making decisions. For 

example, although butterflying between all wards is preferable over butterflying between different 

ward blocks separately, this should be weighed against factors as nurses’ preferences and additional 

training about procedures used at wards of another ward block. Finally, the sensitivity analysis on 

cost parameter values shows that the simulation model is quite robust to cost value changes. 

Conclusion and recommendations  

Based on this research it can be concluded that the developed method, including care burden and 
flexibility forms, is useful for aligning patients’ care demand and nurse staffing as overstaffing and 
understaffing can significantly be decreased. As less shifts have to be covered in total, the total 
number of FTE can decrease, but the size of the flex pool should increase to 37 FTE in order to satisfy 
all demand for flexible nurses. This is based on requirements for flexible nurses planned within the 
basic rosters as well as for capturing long-term sick leave. The research contributed to the scientific 
literature as the developed method reduces the gap on how to integrate flexible deployment of nurses 
within the NSP. Future work should point out the potential and effect of interchangeability of 
dedicated and flexible nurses, the effects of establishing a flex pool for other professions or beyond 
the boundaries of one hospital, the effect of including nurses’ condition in addition to patients’ care 
burden, and how sufficient specialized knowledge can be ensured as required for patient-oriented 
care which is increasingly important.   
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1 Introduction 

This thesis is the result of a master thesis project on the topic of the alignment of the nurse planning 

with patients’ care demand by considering flexible staffing at the wards. In the scientific area of nurse 

planning, a significant amount of research is conducted on nurse scheduling problems (NSP) and 

multiple articles can be found that extensively review and summarize different methods for solving 

the NSP (Cheang, Li, Lim, & Rodrigues, 2003; Burke, De Causmaecker, Berghe, & Landeghem, 2004; 

Tein & Ramli, 2010) . The NSP deals with the optimal, or at least satisfying, assignment of nurses to 

shifts. This includes decisions on what shifts to be worked and the number of nurses per shift as well 

as the individual assignment of nurses to shifts. Solving the NSP typically leads to a policy with fixed 
nurse to shift assignment. However, a fixed staffing policy in combination with fluctuating care 

demand indicates inadequate staffing. Inadequate staffing will lead to excessive workload at times of 

high care demand. This on its turn can threaten desirable outcomes for patients, e.g. care quality and 

patient safety, as well as for nurses, e.g. nurses’ health and job satisfaction (Unruh, 2008). Flexible 

staffing can improve the alignment of demand and supply and consequently overcome the problem 

of inadequate staffing. Although the concept of flexible staffing appears in literature as well, research 

on the integration of flexible deployment of nurses within the NSP is lagging behind and that is what 

this research focuses on. In order to develop new insights in nurse planning policies including flexible 

deployment, a case study at Bernhoven is performed. In this chapter, a description of the organization 

is given together with an explanation on why this organization is selected. Subsequently the research 

questions are introduced, followed by the research methodology, and the thesis outline. 

1.1 Organization description 

This master thesis project is carried out at Bernhoven, which is a general, regional hospital. 

Bernhoven is an appropriate organization to collaborate with while doing research on the integration 

of flexible deployment within nurse planning policies, as Bernhoven already started with developing 

a flex pool, while the organization of flexible deployment is still a challenge. They already started with 

developing a strategy concerning flexible staffing, but knowledge about how to develop a model that 

can include flexible deployment forms within the nurse planning is lacking, internally as well as in 

scientific research. In the remainder of this section, a general introduction of Bernhoven is provided 

together with information of the relevant wards for this project.  

Bernhoven is a Dutch hospital  that arose after a merger of the Sint Joseph hospital in Veghel and the 

Sint Anna hospital in Oss, which both originated from monasteries in the early 20th century. At the 

moment of the merger, on January 1st in 2000, these hospitals continued as one hospital with two 

locations. In March 2013, a new hospital building in Uden was opened and the two locations of 

Bernhoven merged to the one in Uden. In Oss, an outpatient clinic remains in operation. 

This research on flexible deployment is linked to the integral planning (IP) program within 

Bernhoven (Bernhoven, 2014). IP focuses on matching capacity requirements throughout the 

hospital as a whole. It concerns the alignment of capacities with care demand as well as the alignment 

of capacity planning of different wards and different parts of the hospital (e.g. the planning of the 

operating theatre (OT) should be aligned with the planning of the wards). The goal of IP is to improve 

the quality, the patient centeredness and the expediency of care delivery for patients, caregivers and 

the hospital. This goal of IP links to the mission of Bernhoven: ‘Provide the very best, present-day 

care together’. The aim is to be the most people-oriented hospital of the Netherlands in 2016, with a 
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focus on both patients and employees. Bernhoven wants to provide the best basic care and in addition 

focuses on elderly, total vascular care and their pelvic floor center and Regional Pain Center 

Bernhoven. Table 2 provides the key figures of Bernhoven in 2013. 

Table 2 - Key figures Bernhoven (2013) 

Indicator Number  
Number of medical specialists 150 
Number of employees 2,052 
Number of full time equivalents (FTEs) of employees 1,540 
Service area (number of inhabitants) 300,000 
Number of admissions 19,500 
Number of day-care admissions 22,250 
Number of first outpatient visits 358,000 
Number of authorized beds 350 

 
This research focuses on flexible deployment of nurses at the wards (see organization chart in 

Appendix A). The ward building is separated into two ward blocks: Diagnostics and Surgery. The 

ward of the specialisms Internal Medicine, Oncology, Nephrology, Pulmonary Medicine, Cardiology, 

Neurology, and Geriatrics. These specialisms are situated at the diagnostic wards B1W, B1O, B2O, 

and B3O. The ward block ‘Surgery’ includes specialisms Orthopedics, Gynecology, Surgery, and 

Urology. These block ‘Diagnostics’ consists specialisms are situated at the surgery wards B2W1, 

B2W2, and B3W. The day-care ward (ward A1) and the admission department belong to the ‘surgical’ 

unit as well. 

In Table 3, the occupation rates of the wards are given. By interpreting these percentages, it should 

be noted that the wards have different characteristics. A1 is the outpatient center and day care ward, 
with a high diversity of admission indications, rapid change of patients (i.e. high turnover), and is 

open at weekdays from 7:00 am till 8:30 pm. B2W1 is the short stay, where patients stay for a 

relatively short period (varying from one day to a maximum of five days). This ward is also 

characterized by a high turnover, a high diversity of patients, and is open from 7:00 am Monday 

morning till 11:30 Saturday morning. The other wards are open all the time. B3O is a slightly special 

case, since on this ward patients with a wide range of motoric or cognitive skill restrictions are 

admitted more often compared to other wards.  

Table 3 - Average occupation rates 2014 

Department Average occupation rate  
(week) 

Average occupation rate 
(weekend) 

Average occupation rate 
(total) 

A1 49% Closed 49% 
B1O 82% 81% 82% 

B1W 87% 84% 86% 
B2O 89% 84% 88% 

B2W1 69% Closed 69% 
B2W2 83% 76% 81% 

B3O 80% 73% 78% 
B3W 87% 83% 86% 

Total 81% 80% 80% 

These averages are calculated by dividing the number of occupied beds by the number of available beds on the ward. The 
number of available beds is considered to be the number of beds located at the ward (for the period of January 2014 to 

September 2014) and the number of opened beds (for the period from October 2014, since only for this period data about 
opened and temporarily closed beds is available). 
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1.2 Research problem 

The limited research on the integration of flexible staffing within nurse planning policies brings 

concerns about how to align nurse planning with patients’ care demand by means of flexible staffing, 

since adequate staffing is important for outcomes as care quality and nurse satisfaction (Unruh, 

2008). Bernhoven struggles with a similar problem. The cause and effect diagram in Appendix B 

shows the current problem of inefficient nurse staffing within Bernhoven. This diagram identifies 

and categorizes possible causes for the effect or problem. Nurses are planned based on the available 

number of beds while bed occupancy rates vary over the days: variable demand in combination with 

fixed supply implies that those two are not matched. Bernhoven is establishing a flex pool with nurses 

that can be deployed flexibly to be able to move along with patients’ care demand, but the 

organization of this flexible deployment is still a challenge. Based on this problem, the research 

question is formulated as follows: 

How can nurse staffing be better adapted to patients’ care demand on the inpatient ward level, in terms 

of number of patients and care burden, by the deployment of flexible staffing? 

In general, this research question consists of two parts:  

 determine the required nursing hours based on patient care demand  

 investigate the flexible deployment of nurses to respond to fluctuations in patient care demand 

In order to support the answer to the research question, various sub questions are composed. These 

sub questions are categorized on strategic, tactical, and operational level, as this is an often used 

categorization for planning and control in healthcare (Hans, Van Houdenhoven, & Hulshof, 2012).   

Strategic level 

1. How can flexible staffing be incorporated into the strategy of nurse planning?  
2. What is the relation between the size of the flex pool and the service level of the flex pool?  

Tactical level 

3. For which periods should the required nurse staffing levels be adapted in order to respond to care 

demand patterns (e.g. seasonality, weekday patterns)? 

4. What are required nurse staffing levels to satisfy patients’ care demand? 
a. By means of which parameters can demand and supply be aligned? 

b. Which staffing levels are strictly necessary? 

Operational level 

5. What are relevant performance indicators for evaluating flexibility scenarios? 

6. What is the influence of different flexibility scenarios on these performance indicators? 

Before answering the research questions, the current situation is explored. To adapt nurse staffing 
to patients’ care demand, current forms of nurse deployment will be adjusted or extended and 

therefore it is important to be familiar with current nurse planning policies within Bernhoven. In 

addition, the current match between nurse staffing and patients’ bed occupancy is studied to get an 

idea of the improvement potential.  

The aim of this research is to improve the effectiveness of nurse deployment, which on its turn can 

lead to improved quality of care, patient safety, and patient and nurse satisfaction. The according 
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objective is to enhance the workload balance. This can be achieved by aligning nurse staffing with 

patient care demand, including care burden, by means of flexible staffing. For this objective, a model 

will be developed that contributes to the scientific area of nurse planning as no comprehensive 

methods for the integration of flexible staffing within the nurse planning are available.  

1.3 Research methodology 

This section describes which research methodologies are used in order to answer the research 

questions. In general, the research consists of two parts. The first part considers the determination 

of required nursing hours based on patient care demand. Currently the norms used to plan nurses 

are developed based on experience and historical development rather than on theoretical merits. 

Moreover, the norms are based on the number of available beds instead of the actual patient care 

demand. Since patient demand is subject to seasonal trends, a period clustering analysis is 

performed. First, significant periods are identified by multiple linear regression analysis (MLRA). 

Afterwards, period clusters are established by means of k-means clustering of the significant periods. 

Besides the seasonal trends in patient presence, patient care demand should take into account care 

burden as well, as is explained in section 2.2. To include care burden, Evidence Based Staffing (EBS) 

indicators are defined. MLRA shows the relation between these indicators and the required nursing 

hours and leads to the establishment of EBS models. By combining the results of the period clustering 

analysis and the established EBS models, the required nursing hours can be calculated per period 

whereby care demand is taken into account as well. 

The second part of the research considers the flexible deployment of nurses. A simulation model is 
built in Microsoft Excel supported by Visual Basic for Applications (VBA) scripts in order to 

investigate different flexibility scenarios. The goal of the flexibility scenarios is to determine the 

optimal number of dedicated and flex nurses that should be planned in the month planning. The 

choices made on month planning level have consequences on operational level, i.e. the corrective 

actions that should be taken on an actual day to still satisfy patient care demand. Additionally, 

between the realization of the month planning and the actual day, uncertainty about the required 

nursing hours for the actual day decreases. To adjust on intermediate level, sequential correlations 

are studied between two days with one week in between. The forecast used for the month planning 

is adjusted by exponential smoothing including these correlation coefficients. As not only the patient 

care demand will fluctuate and influence the number of required nursing hours, the fluctuations at 

the supply side (i.e. nursing hours) are considered as well. Short-term sick leave is incorporated in 

the model by using Markov chains. Long-term sick leave and other forms of leave are assumed to be 

known while creating the month planning and therefore not included in the simulation model. After 

intermediate adjustments, actual day realizations are evaluated to select the most optimal scenario 

based on (fictitious) costs. I.e. the actions on intermediate level in order to meet the adjusted forecast 

and the actions on day level in order to meet the actual required nursing hours are partly valued by 

real costs and partly by fictitious costs. The most optimal scenarios can be selected by evaluating 

these costs. Finally, sensitivity analyses are conducted to investigate the robustness of the chosen 

optimal scenarios. 
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1.4 Scope 

In order to increase the feasibility and relevance of this research, the following design choices are 

made:  

 The research focuses on the clinical wards of the ward blocks ‘diagnostics’ (B1W, B1O, B2O, and 
B3O) and ‘surgery’ (B2W1, B2W2, B3W, and A1), as these wards will deploy flexible nurses.  

 The research is based on data of 2014. As the two locations of Bernhoven merged into one location 

March 2013, it is expected that the data of 2013 will give biased or false indications during data 
analyses since processes had to be stabilized. In addition, only full annual data sets should be used 

in the analyses because of seasonal trends that can skew the models if e.g. some months are 

included two times while others are included once. Therefore data of the year 2015 is left out of 

scope as well.  

 This research focuses on the monthly nurse staffing levels. The individual rosters of nurses are 

not considered.  

1.5 Thesis outline 

This thesis is structured as follows. First, a brief literature review is given in Chapter 2 to provide 

background knowledge for this research and to show what this research can contribute to the 

literature. Chapter 3 comprises the business understanding by describing the current situation of 

Bernhoven with its planning policies, the strategy behind the deployment of Bernhoven Flex, and the 

current match between demand and supply. In Chapter 4, the phase of data understanding and 

preparation is outlined. Chapter 5 describes the required nursing hours analysis, consisting of period 

clustering analysis and multiple linear regression modelling to obtain EBS models. Subsequently the 

flexibility scenarios are introduced in Chapter 6. A simulation model is built to evaluate different 

ratios between number of dedicated nurses and number of flexible nurses within the month planning. 

The model outcomes are provided in Chapter 6 as well. Subsequently, the results are discussed in 

Chapter 7. Chapter 8 concludes with answering the research questions and by providing the 

recommendations based on this research.   
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2 Literature review 

In this chapter, a short overview of academic literature relevant to this research will be given. 

Relevant subjects are explained, definitions are given, and a more detailed motivation for this 

research is provided.   

Resource capacity planning of healthcare resources is discussed in the field of health operations 

management (OM). Health OM is defined by (J. Vissers & Beech, 2005) as ‘’the analysis, design, 

planning, and control of all of the steps necessary to provide a service for a client’’. The demand of 

the client, i.e. patient demand, is the starting point for the planning and control of healthcare 

resources. The aim of resource planning is to increase capacity utilization, to control costs and to 

improve tactical and operational efficiencies of services and facilities (Rais & Vianaa, 2011). 

Especially nurse planning, as part of resource planning, has received a lot of attention in literature. 

Nurse planning is part of the inpatient care delivery, where this thesis focuses on. Inpatient care 

delivery refers to care for patients admitted to a healthcare facility (e.g. a hospital), who are in the 

need for a medical treatment and who are offered a room and a bed (Hulshof, Kortbeek, Boucherie, 

Hans, & Bakker, 2012). Inpatient care services are interdependent of other services like surgical care 

services or home care services (Hulshof et al., 2012). More specific, Kortbeek et al. (2012) indicate 

that the main drivers for inpatient health care are the outflows of the OT and the emergency 

department (ED). Nurses that deliver inpatient care are therefore typically following resources, 

considering the categorization of resources of Vissers, Bertrand, & De Vries (2001) that distinguish 

between leading and following resources. Another categorization of resources they provide is the 

distinction between dedicated and shared resources. Dedicated resources are resources dedicated to 

a certain patient group or specialty, while shared resources are shared between departments for 

quality, control of resource, and cost reasons. Nurses that work permanently for the same specific 

department are dedicated resources, while flexible nurses can be categorized as shared resources. 

As Maenhout & Vanhoucke (2013) indicate, hospital organization structures in Europe recently shift 

from a resource-oriented structure towards a patient-oriented structure and mechanism should be 

developed to employ shared resources effectively and efficiently. The development of such a 

mechanism is what this research focuses on and contributes to scientific literature. 

2.1 Nurse planning 

Frameworks for the planning of resources often adopt a hierarchical structure with a strategic, a 

tactical, and an operational level (Hans et al., 2012). The strategic level is characterized by structural 

decision-making and a long planning horizon. Typical decisions on this level concern resource 

capacities and case mix (i.e. determination of the number of patients for each patient type that can 

be treated by a hospital in one year), which are based on highly aggregated information and forecasts. 

At the tactical level resource capacities are divided among patient groups and demand is forecasted 

as far as possible. A result of this planning level is for instance a framework for shift scheduling. The 

operational level can be divided into online and offline planning. Operational offline planning 

considers the individual staff to shift allocation, while the online planning is about reactive, real-time 

decision making and coping with unplanned events, e.g. sick leave of nurses or a peak in patient care 

demand. This research will be mainly focused on the tactical level: investigating which number of 

nurses and flex nurses per shift are desirably planned. However, such decisions affect and are 

affected by decision on the other levels and therefore these levels are considered as well.  
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Nurse staffing decision variables within a nurse scheduling problem (NSP) may concern the number 

of nursing staff in relation to patient volume or may concern the types of staff or skill mix (Heede, 

Clarke, Sermeus, Vleugels, & Aiken, 2007). Examples of the first type of nurse staffing variables are 

nurse-patient ratios (n-p ratios) and nursing hours per patient day (NHPPD). Although the highest 

consensus score based on expert panel opinion was reached for NHPPD, n-p ratios also reached 

consensus and is an often-used measure to determine the number of nurses per shift (Heede et al., 

2007). The n-p ratio indicates how many patients one nurse is responsible for, implying acceptable 

levels of patient care and nurse workload. Elkhuizen, Bor, Smeenk, Klazinga, & Bakker (2007) and 

Ghosh & Cruz (2005) both use the n-p ratio to determine the required number of nurses, Berrevoets 

(2008) indicated that n-p ratios increases transparency and stability in workload on wards, and the 

American Nursing Association advocated hospitals to create n-p ratios (Hall, 2012). 

2.2 Care demand 

Although the n-p ratio is commonly used, as described in section 2.1, the ratio is criticized for not 

taking into account the care burden. Needleman et al. (2011) underlines that for care delivery it is 

important that nurse staffing models facilitate decisions based on the alignment of staffing with the 

patient census as well as the needs of patients. Therefore this research will include care burden, i.e. 

nurse staffing requirements will not be solely based on patient census.  

Although some articles indicate the importance of considering care burden as a variable to 

differentiate between care demand of different patients and to make a more accurate determination 

of the nursing capacity requirements, not much literature on calculations of care intensity or weight 
factors for care burden indicators can be found. The lack of research on this topic is possibly due to 

the fact that care burden is at least partially a subjective measure. There are, however, studies that 

describe which factors are indicative for care burden. Beglinger (2006) found by brainstorming with 

managers and clinical nurse specialists that drivers for care intensity are: 1) length of stay (LOS), 

admission, discharge, and transfer activity, 2) age of patients, and 3) complexity of patients. The study 

of  Vissers, Adan, & Dellaert (2007) emphasizes the development of care burden during the LOS of a 

patient, indicating that in the beginning of the stay the workload is higher than during the subsequent 

period. The study of Heede et al. (2007) listed possible important patient characteristics for nurse 

staffing as age, type and severity of illness, co-morbidities, admission type (e.g. elective, emergent), 

pain assessment, dehydration, and patient/family complaints. A well-studied categorization that 

considers the operational feasibility of measuring the indicators as well, is provided by Fasoli, Fincke, 

& Haddock (2011). They concluded with the indicators average LOS, average number of medication 

doses per day, percentage of patients older than 70 years, percentage of patients with a body mass 

index (BMI) above 25 kg/m2, top three diagnostic categories in the ward, average daily census, and 

daily patient turnover consisting of admissions, transfers, and discharges.  

2.3 Flexible staffing 

Including care burden in nurse staffing models is a first step to improve the alignment of nurse 

planning and care demand as these models allow for a more accurate indication of total nursing 

requirements. Subsequently, variations in these nursing requirements lead to demand for adaptable 

nurse resources. Agency nurses and overtime are expensive options to increase adaptability and 

therefore the flexible deployment of nurses is potentially an appropriate staffing method to deal with 

these variations. 



8 

Bard & Purnomo (2005b) addresses the adjustment of individual assignment to work to deal with 

daily fluctuations in patient population. The options they describe to cope with these fluctuations are 

overtime, on-call nurses, nurses from external parties, pool nurses, or just coping with the shortages. 

Although these are options to deal with fluctuations, not all are flexible staffing options. (Houseman, 

2001) distinguishes five types of flexible staffing: temporary agency workers, short-term hires, 

regular part-time workers, on-call workers, and contract workers. She found that the use of on-call 

workers was especially high in the service industry compared to other industries. Leede et al. (2002) 

provided in their report five main forms of flexible staffing: ad-hoc flexibility, contract flexibility, 

working hours flexibility, functional flexibility, and location flexibility. Within the mentioned main 

forms, multiple specific forms of flexibility are given, like overtime, contract variety, working from 

home and multi employability. They positioned a flex pool within the category of contract flexibility, 

although the actual deployment of a nurse from the flex pool can enable the other forms of flexibility.  

Benefits obtained from a flex pool are: the deployment of qualified employers by a predictable 

pattern in volume fluctuations in combination with lower costs, variation in work environment, more 

qualification possibilities for employees, and longer contracts are possible compared to e.g. seasonal 

work contracts. Thus, flexible staffing arrangements can be beneficial for the company as well as for 

workers. On the other hand, some extra costs can emerge from communication with flex pool 

employees and, as Houseman (2001) stated, flexible staffing could also translate into less job security 

for workers. In addition, a possible lack of job control for flexible staff may decrease commitment to 

the organization. These advantages and disadvantages can be found in multiple articles and different 

forms of flexible staffing are outlined in literature as well. However, research on the inclusion of 

flexible staffing within nurse planning is rather limited. Although Kortbeek et al. (2015) did a study 

on flexible nurse staffing, this study is based on bed census predictions instead of care burden 

oriented predictions and they did not take into account intermediate forecast adjustments, sick leave, 

or different forms of flexibility as e.g. the incidental deployment of a dedicated nurse on another 

ward.  

Based on this brief literature review, it can be concluded that it is important to align nurse staffing 

with patient care demand whereby care burden should be included. However, different studies 

indicated that historical acquired rights instead of real data play a major role while considering 

capacity issues (Hall, 2012; Kortbeek et al., 2012; Ma & Demeulemeester, 2013). This can lead to 

suboptimal solutions to capacity problems. Poorly designed rosters can lead to over- or understaffing 

of a ward with critical implications for both the quality of patient care and efficient resource 

utilization. Flexible deployment of nurses is an important concept for optimal capacity utilization and 

to respond to fluctuations in care demand. Although different flexibility concepts and their 

advantages and disadvantages are described in literature and although the NSP is a well-studied 

problem on the field of resource utilization, not much literature can be found on the integration of 

flexibility concepts within the NSP or on common mistakes and experiences with incorporating 

flexible nurses within the nurse planning. This thesis attempts to contribute to the scientific 

literature by developing a comprehensive method on the integration of flexible deployment within 

the nurse planning process to obtain rosters that include flexible nurses. 
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3 Business understanding 

This chapter describes how Bernhoven currently copes with nurse planning, the strategy behind the 

flex pool of Bernhoven, and the current match between patient care demand and the supply of care 

by nurses. 

3.1 Nurse planning policy 

Required hospital-wide staffing levels, i.e. the total number of workers employed, are based on the 

expected production (extracted from the production agreements with healthcare insurers) as well as 

the staffing levels of the previous year. The availability of the staff, which is reviewed on a monthly 

base, can differ from the established required staffing levels because of for example prolonged 

illnesses or pregnancies. Such information is stated in the annual planning. This planning shows all 

employees of a certain ward with their qualification and their contractual agreed number of working 

hours. This planning is updated in the case of e.g. prolonged illnesses and pregnancies and also the 

holidays of employees are stated in this planning. Next to the annual planning, each ward has a day 

formation, i.e. the required formation per shift defined by the number and qualifications of 

employees. The day formations for weekdays differ from the day formations for weekend days. In 

addition, day formations differ between shifts. The shifts that are distinguished within Bernhoven 

are day shifts, late shifts, and night shifts. The day formations per ward are currently based on the 

number of open beds, i.e. the number of patients that could potentially be admitted. 

Both the annual planning and day formations are input for the month planning. Planners within 

Bernhoven make schedules with a horizon of one month in which nurses are assigned to shifts. In 

general, first weekend shifts are assigned, followed by night shifts, and finally the other shifts are 

distributed as evenly as possible. Next to taking into account the hours as stated in the contractual 

agreements of nurses and as considered in the annual planning, also planning preferences of the 

nurses are taken into account while creating the month planning. Nurses can indicate on which days 

they are not available and on which days they prefer not to work. For both options, rules are 

established to limit the number of preferences. In addition, time for education and rules of ‘healthy 

rostering’ are considered (e.g. a day shift may not be planned directly after a night shift) (Bernhoven, 

2009). These rules are according to the national policy as established in the collective labor 

agreements for hospitals. The created month planning is released six week prior to the respective 

month. It is possible for nurses to change shifts, often in consultation with the planner. Unplanned 

absent nurses on the short-term, e.g. due to illness, are replaced by other (flexible) nurses if possible. 

Figure 1 shows a schematic representation of the planning process. 

 

 Figure 1 - General nurse planning process 
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Every month, the managers, planners of the inpatient wards, and the team leader of Bernhoven Flex 

(the internal flex pool of Bernhoven1) discuss the shortages and surpluses for the coming month in 

order to attempt to reduce these.  

A month planning, i.e. the assigned shifts for a month based on day formations, are created by 

different planners for different wards, indicating a decentralized planning policy. Decentralized 

planning is beneficial for the reason that planners have better knowledge of the personal 

circumstances and preferences of nurses and therefore will probably make more acceptable rosters 

in the opinion of nurses. On the other hand, a centralized planning strategy enables planners to take 

over work from each other and it enables the comparison of rosters between different wards. Since 

the uniformity of planning rules between wards increases, planning moves to a mixed form of 

centralized and decentralized planning.  

3.2 Bernhoven Flex 

3.2.1 Strategy of Bernhoven Flex 

Bernhoven Flex is the flex pool of Bernhoven. Lauterbach (2014) defined a flex pool as ‘a concept to 

organize the flexibility of labor within an organization and/or within a small network of 

organizations in order to maintain continuity of work processes’. To realize flexible staffing within 

Bernhoven, some actions are formulated within the note ‘Customized staffing’ (Rookhuijzen, Houts, 

Somers, & Sanders, 2014). Elements of this strategy for flexible staffing include: 

1. Basic day formations per ward 
2. Fixed flexible staffing 
3. Butterflying 
4. Peak-illness shifts 

 
The basic day formations per ward consist of the deployment of nurses from the respective ward and 

eventually structural deployment of some nurses from the flex pool in case of e.g. pregnancy 

replacement. The basic day formation of a ward is lower than the required deployment of nurses for 

that ward: a percentage of the required deployment is assigned to ‘fixed flexible staffing’. This service 

consists of nurses from Bernhoven Flex as well as of nurses from the wards. Nurses planned 

according to the basic day formations and nurses planned according to fixed flexible staffing are both 

planned in the regular monthly planning. Therefore, they know six weeks in front of the respective 

month when they have to work. Dedicated nurses of a ward (i.e. the basic day formations) also know 

on which ward they will work, while nurses planned in the layer of fixed flexible staffing only know 

on the day itself at which ward they will work. Note that those fixed flexible nurses are deployed 

anyhow at the planned shifts, but the ward on which they will be deployed is not known upfront.  

In addition, butterflying means that dedicated nurses of a certain ward are deployed on another 

ward. This is possible in case a particular ward has a surplus of nurses while another ward has a 

shortage of them. Such surpluses and shortages arise when the required nurses deviate from the 

planned nurses. It is not about structural exchange, but only ad hoc exchange of nurses. When 

reassigning nurses, currently no priority rules are established for the use of either fixed flexible 

staffing or butterflying: the most optimal assignment of nurses, in terms of the best fit between 

patient demand and nurse competencies, will be chosen. Finally, the peak-illness shifts is a policy 

                                                             
1 More information about Bernhoven flex can be found in section 3.2.1 
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concerning the ad hoc deployment of workers of Bernhoven Flex in case of a peak in demand or ad 

hoc absenteeism of nurses (e.g. illness), whereby demand cannot be met by the first three elements 

of customized staffing. A conceptual representation the strategy of Bernhoven Flex is given in Figure 

2. To maintain quality and safety when nurses are deployed on other wards then their own ward, a 

qualification system is established. This system considers four qualification levels: A, B, C, and D. A is 

the highest level, D the lowest. Each nurse has a certain level per ward, e.g. if a nurse has level B on 

his or her own ward, this nurse will start on a level D for another ward. For dedicated nurses, they 

will be in general work on a D level in case of butterflying, while flex nurses will minimally be 

deployed at D level but whereby agreements are made concerning development projects to acquire 

additional skills. These development projects must ensure that flex nurses can be deployed at a C 

level at least on one ward and on multiple wards in the future. The rating of nurses is recently done 

for each ward by the team leader of the respective ward, but criteria to rate nurses can be interpreted 

somewhat ambiguously and therefore team leaders have to discuss and agree upon the real definition 

of the four levels. This is not yet done and therefore the ABCD-rating system is currently not 

implemented yet at Bernhoven. 

Ward X

Ward Y

Fixed 
flexible 
staffing

Month planning

Ward X

Ward Y

Requirements 
ward X: 4 nurses

Requirements 
ward Y: 8 nurses

Flex pool  - available 
nurses

Day realization

Dedicated 
nurse

Fixed flexible 
nurse

Flexible 
nurse

Butterfly 
nurse

 

Figure 2 - Conceptual representation of the strategy of Bernhoven Flex 

3.2.2 Current practice 

The strategy of Bernhoven Flex as described in the note ‘Customized Staffing’ and as summarized in 

section 3.2.1, is currently not entirely operational and some concepts are not quantitatively 

substantiated, i.e. for the concept of fixed flexible staffing as part of the month planning it is not clear 

what ratio of dedicated nurses and fixed flexible nurses is appropriate or even optimal. At this 

moment, ten percent of the day formations is assigned to fixed flexible nurses on most wards. In 

addition, flex nurses are used for ad hoc deployment: when a shortage of nurses exists on a particular 

day, flex nurses can be (re-)assigned until the start of a shift. Flex nurses that are not assigned within 

the month planning can indicate their availability in Harmony, the hospital system for workforce 

scheduling. This availability can be changed by flex nurses at any time until the start of a shift. The 

problem of shortages of flex nurses for ad hoc deployment does not occur often, since these nurses 

would like to work in general. Moreover, the wards of the surgery ward block have an on call (i.e. 

standby) nurse each day, which can be called in the morning between 07:00am and 10:00am and can 

be asked to work for that day shift or the late shift on the same day. These on call nurses are called if 

the flex pool is not able to deliver the required number or qualification of nurses. For the diagnostic 

wards, no such on call concept is applied nowadays.  
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Between the time that the month planning is established and a particular day, nurses can get ill. When 

it is known a nurse will still be ill for at least e.g. the coming week, a flex nurse will be assigned 

already. This leads to a flexibility strategy with three layers: flex within the day formations (i.e. fixed 

flexible staffing within month planning), flex planned in intermediately due to sick leave of dedicated 

nurses, and flexibility that is demanded ad hoc. Bernhoven Flex consists nowadays of approximately 

20 full time equivalents (FTEs). The ones with larger contracts, i.e. contracts with a higher number 

of agreed hours, are mainly assigned in the month planning for fixed flexible staffing, while the ones 

with smaller contracts serve as a pool for coping with short-term required capacity. 

Next to additional required nurses, it is also possible that wards are overstaffed. Currently, flex 

nurses can be cancelled for a shift up to 24 hours prior to the start of a shift. When at the start of the 

shift more nurses are planned than needed, dedicated nurses are asked if they want a day off or if 

they still want to work, which can possibly be on another ward when another ward is in the need of 

extra nurses. Thus, shift cancellations can occur 24 hours before the start of a shift, while at the start 

of a shift, either voluntary cancellations or a situation with overstaffing can occur.  

3.3 Match demand and supply 

The current match between demand and supply is unknown and not planned for. As stated in section 

3.1, nurses are planned according to fixed day formations, based on the available number of beds, 

while the demand for care varies over time.  

The day formations for a week day and a weekend day are given in Table 4 and Table 5 respectively. 

Note that these are used for the planning of regular weeks (e.g. for the summer holiday these 

formations are somewhat adjusted). In addition, the numbers given in these tables only include real 

nurse functions and no functions like helping nurse, which distinction is further explained in section 

4.2. Besides to this information on the supply of nursing resources, the patient care demand is shown 

in Figure 3 and Table 3. 

Table 4 - Day formations of a regular week day in number of nurses 

 A1 B1O B1W B2O B2W1 B2W2 B3O B3W 

Day 10 7 12 5.1 4.4 5 9 8 

Late 1.2 4 6 4 3 3 6 6 

Night - 2 3 2 2 2 3.5 3 

 

Table 5 - Day formations of a regular weekend day in number of nurses 

 A1 B1O B1W B2O B2W1 B2W2 B3O B3W 

Day - 6 8 5 1.5 5 9 7 

Late - 4 5.5 3 - 3 6 6 

Night - 2 3 2 - 2 3 3 
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Although the day formations are static, the bed occupancy varies over the days as can be seen in 

Figure 3 and Table 3. This underlines that there is room for improvement for the alignment of nurse 

staffing and patient care demand. 

 

Figure 3 - Maximum number of patients per day over 2014 

Based on patients’ presence per hour (including all patients that are for some time present in a 

particular hour) and realized nursing hours (only including nurses that are at least half an hour 

present in a particular hour), the realized nurse-patient ratios can be obtained. These are given per 

ward in Figure 4. Note that most graphs show remarkable points at 07:00am and 03:00pm, due to 

shift changes. During these changes, working hours of nurses of the finished shift can overlap with 

the nurses starting on the new shift. Therefore, relatively many nurses are present with respect to 

the number of patients, leading to lower n-p ratios during these shift handovers. Note that these 

lower n-p ratios not necessarily lead to lower workload or more time for the patient, because during 

these shift handovers nurses exchange information about the patients and they are busy with either 

finalizing or starting their shift. 

The most remarkable conclusion that can be obtained from the graphs, is the variation in realized 
nurse-patient ratios within shifts. The dark grey bars indicate one standard deviation from the mean, 
which means that, assuming a normal distribution, 68% of all measurements lies within the interval 
marked by the lower and upper bound of the dark grey bars. These intervals are quite large, 
especially during the night shifts. E.g. during the night shift at B2W1, the number of patients per nurse 
varies from about six to fourteen regarding the interval of one standard deviation. Although this is 
the most extreme case, the differences indicate that quite often situations occur in which nurses 
either perceive a very high workload or that nurses are overstaffed. The n-p ratios within a shift do 
not change much from one hour to the next as the patient presence during a shift does not fluctuate 
much and the number of nurses during a shift is fixed.  
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Figure 4 - Realized nurse-patient ratios  
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4 Data understanding and preparation 

In order to perform a period clustering analysis and establishing EBS models, data is gathered and 

prepared. Period clustering analysis is conducted to identify periods with different patient care 

demand and EBS models are established to calculate patient care demand by including care burden. 

The results of period clustering together with the EBS models are used as input for the flexibility 

scenarios, i.e. scenarios are evaluated for each unique combination of period cluster and EBS model. 

The result of the data gathering and preparation phase is a master data sheet, on which the data is 

aggregated on shift level. This sheet is on the one hand used for the MLRA to obtain EBS models and 

on the other hand used for the simulation of flexibility scenarios. In the latter case, the data on shift 

level is used to simulate day realizations in order to evaluate flexibility scenarios (Chapter 6).  

4.1 Patient data 

Patient data is obtained from XCare: the hospital information system (HIS) of Bernhoven. The patient 

data comprises the following attributes: 

 patient number 

 admission number 

 date of birth 

 date of admission 

 date of discharge 

 date of placement (i.e. date of admission on a certain ward) 

 ward 

 description of admission indication 

 code of intervention 

Data is filtered for the reason of a smaller database to reduce the computation times in the analyses. 

The first filter considers the dates of admissions and discharges. The patient data that is provided for 

this research originates from March 2013 to April 2015. However, in this research only the data 

concerning 2014 is used for data analysis. Due to the fact that Bernhoven has opened as a new 

location in March 2013, it is expected that the data of 2013 will give biased or false indications during 

data analyses since processes had to be stabilized. In addition, only full annual data sets should be 

used in the analyses because of seasonal trends that can skew the models if e.g. some months are 

included two times while others are included once. Therefore data of the year 2015 is left out of scope 

for modelling purposes. Examining the discharges in 2014 showed some patient admissions from 

2013 and examining the admissions in 2014 showed some discharges in 2015: this data is included 

(see Figure 5). 

Patient census 2014

Admissions in 2013 and 2014 with discharge in 2014

Discharges in 2014 and 2015 with addmision in 2014
 

Figure 5 - Scope of patient data to include 
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Besides data is filtered based on the ward codes. The irrelevant wards are filtered out of the dataset, 

while the ward codes for the relevant wards remain: A1, B1O, B1W, B2O, B2W1, B2W2, B3O, and 

B3W. Irrelevant wards are for instance the wards for ‘woman and child’, as these wards do not belong 

to the ward blocks ‘diagnostics’ and ‘surgery’ (section 1.1) and flex pool nurses are not deployed on 

these wards. 

4.2 Nurse data 

Nurse data is obtained from Harmony and Profit, systems that are respectively used for workforce 

scheduling and payroll administration. Harmony provides a database with the realized nursing 

hours. This database comprises employee number, rostering group, cost center, and data about date 

and time. To include the job title of an employee, the database from Profit is used to link a 

qualification to an employee based on the employee number. There are different characterizations 

within Profit to determine the qualification of an employee: function description, cost center 

description, and profession. The decision is made to use the cost center description for defining an 

employee’s function, based on internal consultation and for practical reasons: this characterization 

corresponds most closely to the job title descriptions used on operational level in the day formations. 

The data set concerning realized nursing hours is filtered to only include relevant shifts. First, a 

division is made between ‘real’ and ‘supportive’ nurse functions. The hospital considers student 

nurses, caring nurses, and helping nurses as supportive nurses since they provide supportive care 

activities like washing patients or food distribution and are not qualified as nurse yet. Therefore, 

these nursing hours are excluded. Nurse functions that are included in the data set are general nurses, 

all specialism related nurses (e.g. oncology nurses or intensive care (IC) nurses), and senior nurses. 

Second, shifts are examined based on roster group. Only clinical wards are included as these are 

within the scope of this project. Roster groups that are excluded are e.g. secretariats and the dialysis 

center. Finally, next to the ambiguous administration of the qualification designations, the 

administration about the content of registered worked hours is ambiguous as well. Therefore, the 

relevant shifts are identified by examining the description given for each shift: care related shifts are 

included whereas shifts related to e.g. education or training or excluded.  

4.3 EBS indicators 

For the EBS models, EBS indicators and the dependent variable need to be calculated. The dependent 

variable, number of realized nursing hours, is calculated as follows:  

𝑁𝑢𝑟𝑠𝑖𝑛𝑔𝐻𝑜𝑢𝑟𝑠 = ∑𝑀𝑎𝑥(𝑀𝑖𝑛(𝑁𝐸, 𝐼𝐸) − 𝑀𝑎𝑥(𝑁𝑆, 𝐼𝑆)), 0) 

𝑤ℎ𝑒𝑟𝑒  
𝑁𝐸 = 𝑡ℎ𝑒 𝑒𝑛𝑑 𝑑𝑎𝑡𝑒 𝑎𝑛𝑑 𝑡𝑖𝑚𝑒 𝑜𝑓 𝑎 𝑝𝑒𝑟𝑖𝑜𝑑 𝑜𝑓 𝑤𝑜𝑟𝑘 𝑜𝑓 𝑎 𝑛𝑢𝑟𝑠𝑒 
𝐼𝐸 = 𝑡ℎ𝑒 𝑒𝑛𝑑 𝑑𝑎𝑡𝑒 𝑎𝑛𝑑 𝑡𝑖𝑚𝑒 𝑜𝑓 𝑎 𝑠ℎ𝑖𝑓𝑡  
NS = 𝑡ℎ𝑒 𝑠𝑡𝑎𝑟𝑡 𝑑𝑎𝑡𝑒 𝑎𝑛𝑑 𝑡𝑖𝑚𝑒 𝑜𝑓 𝑎 𝑝𝑒𝑟𝑖𝑜𝑑 𝑜𝑓 𝑤𝑜𝑟𝑘 𝑜𝑓 𝑎 𝑛𝑢𝑟𝑠𝑒 
𝐼𝑆 = 𝑡ℎ𝑒 𝑠𝑡𝑎𝑟𝑡 𝑑𝑎𝑡𝑒 𝑎𝑛𝑑 𝑡𝑖𝑚𝑒 𝑜𝑓 𝑎 𝑠ℎ𝑖𝑓𝑡  
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Most EBS indicators, i.e. independent variables, can be derived from the patient data. For each 
patient is assessed if they were present in a certain shift on a certain ward. For all patients present 
in this shift on this ward, the following details are calculated: 

 the patient census; the number of patients present during the shift  

 the percentage of patients with an age equal to or greater than 70 

 the average hospital LOS of patients present during a shift; the hospital LOS is determined by 

the difference between the hospital admission date and the hospital discharge date 

 the number of ADT activities; the number of admissions and discharges that occurred on this 

ward during a shift 

The last parameter, i.e. number of ADT activities, is not directly obtainable from the data. The original 

patient data set may contain multiple entries per unique combination of patient number and 

admission number, which are distinguished by a unique ‘date of placement’. Reasons for having 

multiple entries could be a certain handling on a ward (e.g. movement to another bed) or because of 

a relocation to another ward. In order to derive the number of admissions and discharges per ward, 

the LOS per ward should be obtained. Therefore, a fictional discharge date is calculated (a ‘ward 
discharge date’). Patient data is sorted in a chronological order and a fictional discharge date is added 

when unique patient-admission combinations consists of multiple entries. Otherwise the fictional 

discharge date is equal to the original discharge date. Note that for the first given reason, where no 

ward change occurs, it can still occur that multiple rows are given for a unique patient-admission-

ward combination. To prevent double counting patients, each entry is binary identified and the 

fictional discharge date per uniquely identified entry is adjusted to an ‘end date of ward placement’.  

Two EBS indicators are determined on ward level instead of on a shift level: the IC probability and 

the number of different DBC codes2. The IC probability is calculated per ward by dividing the number 

of hospital admissions of patients that stay partly at the IC and partly at that particular ward by the 

total number of hospital admissions of patients that stay partly at that particular ward.  The number 

of different DBC codes is determined for 80% of the patients with the most common DBC codes. 

Although the way of taking into account DBC codes differs between HOTflo3 and the study in the US 

(see Table 9) , the decision is made for calculating the number of different diagnoses for 80% of the 

patients, i.e. the method of HOTflo. The reason for this choice is that it leads to a more practically 

appropriate variable for the multiple linear regression analysis (MLRA) and HOTflo investigated the 

indicators for Dutch hospitals and therefore will probably better fit for Bernhoven. Appendix C shows 

the number of unique DBC codes for 80% of the patients with most common DBC codes. 

4.4 Master data sheet 

To make use of the prepared data for data analyses, one master data sheet is created on shift level. 

Shift level is an appropriate unit of time to investigate, since nurses are planned per shift. Aggregating 

data on a daily level would be too generic because the characteristics of the three types of shifts are 

quite different. Aggregating on an hourly level would be too specific since the deployment of nurses 

will not change on an hourly basis. Therefore, data records are generated per ward and per date, 

where each date consists of three shifts. For each data record the number of nursing hours 

                                                             
2 DBC codes are used to identify a total hospital treatment with all according activities for financial reasons. 
3 HOTflo is a specialized service provider on the field of integral planning that supports hospitals with their 
care processes. Bernhoven uses HOTflo software in order to support integral planning. 
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(dependent variable) and the values for the EBS indicators (independent variables) are calculated as 

described in section 4.3 and appended to the master data sheet.   

The master data sheet is used for the MLRA to obtain the EBS models as well as for the flexibility 

scenarios, to evaluate choices on month planning level by simulating realized shifts (Chapter 6). For 

the first purpose, the MLRA, data records are removed in case the ward is closed. Most of the wards 

are always opened, but some wards are closed for some shifts. I.e. the day care ward A1 is closed 

during the night shifts and in the weekends. For such closings, the ‘missing’ data records are removed 

from the master data sheet. Next to missing values, outliers are examined. Although some outliers 

are detected, these are retained for the reason that they reflect a representative element of the 

population (Hair, Black, Babin, & Anderson, 2010).  
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5 Required nursing hours analysis 

Before considering flexible staffing, the required nursing hours per shift should be determined in 
order to align nursing deployment and patient care demand. To obtain seasonal trends in care 
demand based on bed occupancy, i.e. patient presence, period clustering analysis is done. 
Subsequently, EBS models are established by using multiple linear regression methods in order to 
obtain models that can calculate the required nursing hours per shift per ward, based on patient 
presence as well as care burden indicators. 
 

5.1 Period clustering analysis 

Bed occupancy is subject to fluctuations, as can be obtained from Figure 3. To improve the alignment 
of nurse deployment and care demand of patients, these fluctuations should be identified. The 
identification is done by means of a MLRA, as this method is more efficient than e.g. performing a lot 
of t-tests to compare means. Moreover, Kragten (2015) used this technique as well for period analysis 
for a hospital nearby Bernhoven and his analysis will be used for validation as is explained in section 
5.1.2. The period variables can be divided into the period categories: weekdays, months, seasons, off 
days, and holidays. In addition, some variables for days or weeks after a holiday or for long weekends 
around e.g. Easter are added to make the MLRA as similar as possible to the one by Kragten (2015). 
In Table 6, all variables are given. 
 
Table 6 - Period variables used for MLRA 

Sunday* July Kings day Christmas holiday wk2 
Monday August Easter Summer holiday wk1 
Tuesday September Christmas Summer holiday wk2 
Wednesday October Ascension day Summer holiday wk3 
Thursday November May holiday Summer holiday wk4 
Friday December Autumn holiday Summer holiday wk5 
Saturday Winter* Carnival holiday Summer holiday wk6 
January* Spring Summer holiday Day> Christmas holiday 
February Summer Christmas holiday Day> Carnival holiday 
March Autumn Easter weekend Wk> Christmas holiday 
April Pentecost Ascension weekend Wk> Carnival holiday 
May New year’s day Pentecost weekend Wk> May holiday 
June Liberation day Christmas holiday wk1  

5.1.1 Regression analysis 

A multiple linear regression analysis is done to identify periods. The dependent variable for the 

regression analysis is the maximum number of patients per day summarized for all relevant wards, 

as was also the case by the MLRA to validate with. The independent variables are shown in Table 6, 

whereby the starred variables are the ones for which no dummy variable is created. Note that none 

of the holidays or off days is starred, because these are compared to regular days, which is the 

variable for these categories for which no dummy variable is created. The model results are shown 

in Table 7. Regarding the adjusted R2, which shows the proportion of variance explained by the model 

by taking into account the number of predictor variables, the percentage of variance explained by the 

model is 87.9%. 
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Table 7 - Model results MLRA to identify significant period variables 

 
 
For the generalizability of the results, assumptions for multiple regression must be met (Field, 2009). 

First, no perfect multicollinearity should be present, which means that there should be no perfect 

linear relationship between two or more independent variables. This assumption can be assessed by 

the variance inflation factor (VIF) scores. According to Field (2009), these scores should be smaller 

than 10. For all, except two insignificant independent variables, we can conclude that there is no 

problem with multicollinearity. Moreover, if these two insignificant variables are excluded from the 

regression, all variables have an acceptable VIF score. 

 
 
 

Another assumption considers the errors, which should be normally distributed. The first two graphs 
in Figure 6 show that errors are normally distributed with a mean of zero. To statistically test for this, 
the Kolmogorov-Smirnov test and Shapiro-Wilk test are used. Both tests are not significant, proving 
a normal distribution of the errors. The random pattern of the graph in Figure 6 indicates that the 
assumptions of linearity and homoscedasticity are met. Finally, the Durbin-Watson statistic is used 
for examining the independence of errors. The value for this statistic should be around two, varying 
from zero to four. In this analysis, the Durbin-Watson statistic has a value of 1.272. Test statics with 
a value less than one or greater than three are problematic. Values close to two may still be 
problematic, but not by definition and therefore this assumption is not significantly violated. 

5.1.2 Validation 

Bernhoven has just usable data of one full year. Therefore, validation based on dividing historical 

data in a train and test set is not possible for detecting seasonal trends. To examine the validity, both 

the outcomes of the MLRA of Kragten (2015) and expert opinion are used. The first method shows 

that the significance of variables for some period categories is almost similar, while for other 

categories some deviation between the two MLRAs is found. Most similarity is found in the period 

categories weekdays and holidays. Months show some deviation in significance, which can be due to 

the fact that Bernhoven does not exactly treat the same diseases as are treated within the hospital 

examined by Kragten (2015). Therefore, the observed deviation between months is acceptable. Since 

Figure 6 - Residual plots 
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for months more data points are used in the MLRA than for instance for off days (as these have only 

one data point per year), the significant months of the MLRA conducted for Bernhoven are assumed 

to be appropriate. For the off days and additional parameters like long weekends around an off day 

(e.g. Easter weekend) or a day or week after a holiday, expert opinion is used to validate the 

significance. This leads to the conclusion that all significant off days of the MLRA conducted for 

Bernhoven are indeed assumed to be significant different from regular days. One exception to this 

statement is Kingsday, although significant, the coefficient of this day is positive instead of an 

expected negative coefficient (i.e. decrease in patients).  

5.1.3 Period clustering 

From the MLRA can be concluded that many periods have a significant effect on the number patients. 

In order to reduce the amount of periods, cluster analysis is used. Reducing periods is desirable from 

the perspective of planning and modelling: some period variables have a quite similar significant 

effect on the number of patients and not clustering them would create unnecessary complexity. 

Cluster analysis is the partitioning of data into meaningful subgroups in case the number of 

subgroups and information about their composition is unknown. This is different from discriminant 

analysis, where known subgroups of some observations are used to categorize other data (Fraley & 

Raftery, 1998).  

Clustering algorithms can be hierarchical or partitional: hierarchical clustering finds successive 

clusters using previously established clusters, where partitional clustering is based on specifying an 

initial number of groups where objects are reallocated iteratively among groups to convergence and 

clusters are typically determined at once (Madhulatha, 2012). A disadvantage of hierarchical 

clustering is that once a split is made, this split cannot be revised. I.e. an incorrect assignment of 

objects made earlier in the process cannot be corrected. Moreover, partitional clustering is the 

preferred method for pattern recognition according to Jain (2010). He additionally indicated that 

within partitional clustering, k-means is an often-used method. Therefore, k-means is used for period 

clustering. Data analysis by k-means clustering is conducted with KNIME, which is an open platform 

for data mining. 

For the period clustering all months are included, as most months are significant and because each 

day should belong to at least one clustering category. In addition, all significant variables for off days 

and holidays confirmed by expert opinion are included, as well as the non-significant Carnival holiday 

based on expert opinion. Seasons and Kingsday are excluded since seasons are in general not 

significant in either the MLRA for Bernhoven or the MLRA conducted by (Kragten, 2015) and 

Kingsday in 2014 was not representative for other Kingsdays.    

 
Figure 7 - Within group sum of squares against the number of clusters 
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To determine the number of clusters that will be used for the flex scenarios, the elbow criterion is a 
common rule of thumb for decision. As can be obtained from Figure 7, the most appropriate number 
of clusters, i.e. the place where the elbow is found, is four. More than four clusters would not explain 
much more of the variance: the marginal information gain drops at four. The clusters are given in 
Table 8, whereby the higher the number of the cluster, the lower the bed occupancy i.e. patient 
presence. 
 
Table 8 - Period clusters 

Cluster Periods within cluster 
1 January, Carnival holiday, February 
2 March, April, June, July, August, September, October, November, December, Ascension 

weekend, Christmas holiday wk1, Christmas holiday wk2 
3 May, Pentecost, Liberation day, Easter, Ascension day, May holiday, Autumn holiday, 

Summer holiday wk1, Summer holiday wk2, Summer holiday wk3, Summer holiday wk4, 
Summer holiday wk5, Summer holiday wk6, Week after May holiday 

4 New year’s day, Christmas 
 

5.2 EBS regression models 

Currently the norms used to plan nurses are developed based on experience and historical 

development, rather than on theoretical merits, and take into account the number of beds available 

instead of the actual patient care demand. Data analysis is used to investigate the relationship 

between the variable ‘nursing hours’ and the predictor variables concerning care burden. Only 

including patient census would be too narrow minded as described in section 2.2. In this chapter, 

first the EBS indicators (i.e. the predictor variables) are introduced, followed by a description of the 
MLRA to obtain the EBS models and a validation of this analysis. Subsequently, the EBS models are 

used to investigate whether or not sequential correlations with respect to required nursing hours are 

present.   

5.2.1 EBS indicators 

Many indicators can be considered important for care burden (section 2.2). Because different 

research leads to different indicators, a choice must be made for a certain indicator differentiation. 

The choice is made for the indicators used by HOTflo for Evidence Based Staffing (EBS). On the one 

hand these are based on extensive research in the United States: the indicators are established by an 

organization with 153 hospitals and 788 clinics, based on literature review, interdisciplinary expert 

panel consultation, operational feasibility assessment, and frontline manager involvement (Fasoli et 

al., 2011). As indicated by Field (2009), indicators should be based on past research and must be 

substantively theoretical important with respect to the dependent variable, which is confirmed for 

this analysis by that study of Fasoli et al. (2011). On the other hand, the selection of these indicators 

contribute to practical use: Bernhoven will continue with the Evidence Based Staffing module of 

HOTflo which base their indicators on that research as well. HOTflo validated these indicators for 

Dutch hospitals and end up with one other indicator than resulted from the study in the USA. The 

minor differences between the exact indicators or the measurement of them are shown in Table 9. 
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Table 9 - EBS indicator comparison 

Indicators Fasoli et al. (2011) Indicators EBS HOTflo  Include in 
regression 
analysis? 

Notation 
within 
model 

Average LOS LOS (total hospital LOS) Yes LOS 

Daily patient turnover 
(admissions, transfers, 
discharges) 

Patient movements (number of 
admissions, transfers, and discharges 
per day) 

Yes ADT 

Percentage of patients with body 
mass index of 25 kg/m2 or higher 

BMI (percentage of patients with a 
BMI above 30) 

No – no 
data 
available 

- 

Percentage of patients 70 years 
or older 

Age (percentage of patients with an 
age above 70) 

Yes AP 

Top 3 diagnostic categories on 
the unit 

Diagnoses (number of different 
diagnoses for 80% of the patients) 

Yes  DBC 

Average number of medication 
doses administered per day 

Medication (number of different types 
of medication per patient) 

No – no 
usable data 
available 

- 

Average daily census  Yes PC 

 IC probability (probability that a 
patient is a part of the admission 
situated at the IC, based on the 
percentage of admissions on a ward 
that partly stay at the IC ) 

Yes IC 

5.2.2 Multiple linear regression analysis 

The goal is to predict one metric dependent variable by multiple predictor variables and therefore 

MLRA is the appropriate statistical multivariate analysis technique. Within MLRA, multiple 

regression methods are possible: enter, stepwise, backward and forward. These methods control the 

way in which variables are included in the regression. Although Field (2009) indicated that some 

researchers believe the enter method, including all independent variables simultaneously, is the only 

good method for theory testing, Tourangeau et al. (2007) pointed out that the backward method 

(including all independent variables initially and delete one at a time if this variable does not 

contribute to the regression equation) leads to a more parsimonious model in case the enter method 

results in a model with variables that do not all add to the explanation of differences in the dependent 

variable. Moreover, backward is preferable over the forward method because of suppressor effects, 

leading to a higher risk of making a Type-II error (i.e. not including predictors that contribute to the 

outcome) (Field, 2009). Moreover, the backward method is preferable over the forward and stepwise 

method as these latter methods will leave out variables that do not predict well, causing that joint 

behavior cannot be noticed (Li, 2012). For these reasons, the backward method is chosen for the 

MLRA.  
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5.2.3 EBS models 

The MLRA is done for each shift (day, late, or night), whereby a distinction between a weekday and a 

weekend day is made as well. E.g. same patient characteristics in a day shift will lead to other staffing 

requirements compared to a night shift. Similarly, the same patient census on two wards not 

necessarily leads to an equal workload on these wards. Therefore wards are separately included in 

the MLRA.  The six EBS-models are:  

𝑁𝐻𝑊𝑒𝑒𝑘,𝐷𝑎𝑦 = 24.296 + 0.606 ∗ 𝑃𝐶 − 0.374 ∗ 𝐿𝑂𝑆 + 0.155 ∗ 𝐴𝐷𝑇 + 7.747 ∗ 𝐵1𝑂 + 46.511 ∗ 𝐵1𝑊

− 8.227 ∗ 𝐵2𝑊1 + 4.816 ∗ 𝐵2𝑊2 + 35.288 ∗ 𝐵3𝑂 + 18.951 ∗ 𝐵3𝑊 

𝑁𝐻𝑊𝑒𝑒𝑘𝑒𝑛𝑑,𝐷𝑎𝑦 = 32.419 + 0.550 ∗ 𝑃𝐶 − 0.318 ∗ 𝐿𝑂𝑆 + 0.282 ∗ 𝐴𝐷𝑇 − 0.357 ∗ 𝐼𝐶 − 2.474 ∗ 𝐵1𝑂

+ 6.167 ∗ 𝐵1𝑊 − 26.359 ∗ 𝐵2𝑊1 + 22.785 ∗ 𝐵3𝑂 + 9.101 ∗ 𝐵3𝑊 

𝑁𝐻𝑊𝑒𝑒𝑘,𝐿𝑎𝑡𝑒 = 14.876 + 0.634 ∗ 𝑃𝐶 − 0,444 ∗ 𝐿𝑂𝑆 + 0.071 ∗ 𝐴𝐷𝑇 + 0.377 ∗ 𝐼𝐶 + 7.165 ∗ 𝐵1𝑂

+ 21.940 ∗ 𝐵1𝑊 + 5.774 ∗ 𝐵2𝑊2 + 34.447 ∗ 𝐵3𝑂 + 20.307 ∗ 𝐵3𝑊 

𝑁𝐻𝑊𝑒𝑒𝑘𝑒𝑛𝑑,𝐿𝑎𝑡𝑒 = 22.444 + 0.545 ∗ 𝑃𝐶 − 0.310 ∗ 𝐿𝑂𝑆 + 0.322 ∗ 𝐴𝐷𝑇 + 11.415 ∗ 𝐵1𝑊 + 24.434

∗ 𝐵3𝑂 + 13.546 ∗ 𝐵3𝑊 

𝑁𝐻𝑊𝑒𝑒𝑘,𝑁𝑖𝑔ℎ𝑡 = 13.005 + 0.153 ∗ 𝑃𝐶 − 0.110 ∗ 𝐿𝑂𝑆 − 0.023 ∗ 𝐴𝑃 + 0.118 ∗ 𝐼𝐶 + 3.462 ∗ 𝐵1𝑂

+ 8.106 ∗ 𝐵1𝑊 + 12.281 ∗ 𝐵3𝑂 + 8.104 ∗ 𝐵3𝑊 + 2.474 ∗ 𝐵2𝑊2 

𝑁𝐻𝑊𝑒𝑒𝑘𝑒𝑛𝑑,𝑁𝑖𝑔ℎ𝑡 = 13.296 + 0.177 ∗ 𝑃𝐶 + 1.785 ∗ 𝐵1𝑂 + 4.570 ∗ 𝐵1𝑊 + 

                                      10.922 ∗ 𝐵3𝑂 + 5.297 ∗ 𝐵3𝑊 

𝑤ℎ𝑒𝑟𝑒𝑏𝑦  
𝑁𝐻 = 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑛𝑢𝑟𝑠𝑖𝑛𝑔 ℎ𝑜𝑢𝑟𝑠, 

𝑃𝐶 = 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑐𝑒𝑛𝑠𝑢𝑠, 
𝐴𝑃 = 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ 𝑎𝑔𝑒 ≥ 70, 

𝐿𝑂𝑆 = 𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑠𝑡𝑎𝑦, 

𝐴𝐷𝑇 = 𝑎𝑑𝑚𝑖𝑠𝑠𝑖𝑜𝑛;  𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒;  𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑖𝑒𝑠, 

𝐼𝐶 = 𝐼𝐶 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦,  

𝑎𝑛𝑑 𝑒𝑎𝑐ℎ 𝑤𝑎𝑟𝑑 𝑖𝑠 𝑎 𝑏𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒, 𝑒. 𝑔. : 𝐵1𝑂 = {
0, 𝑒𝑙𝑠𝑒
1, 𝑤 = 𝐵1𝑂

 

Based on interpretation of the models can be concluded that the care burden for the wards is mostly 
determined by the EBS indicator patient census. Patient census appears in all models with a relative 
high coefficient compared to the other EBS indicators. The second most common indicator is the LOS. 
This indicator has a negative coefficient, which indicates that a shorter average LOS leads to more 
required nursing hours than a longer average LOS. This can explained by the fact that patient acuity 
is higher during the initial days of hospitalization (Shamian, Hagen, Hu, & Fogarty, 1994). Assuming 
that beds are equally occupied, a decrease in LOS leads to an increase in required nursing hours. In 
addition, ADT seems to be a predictor of care burden during the day and late shifts, but is not a 
significant predictor during the night shifts. This can be due to the fact that most admissions, 
discharges, and transfers occur during the day and within the late shifts, while in the night shifts 
clearly less transfers take place. Remarkable for the coefficient of the IC indicator is the direction 
switch from positive for all the models in which this indicator is significant, to negative for the day-
weekend model. Since the impact of this coefficient is small (i.e. the difference in nursing hours based 
on the IC indicator is 2.1 hours on average for the wards), the remarkable direction of the coefficient 
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is considered to be surmountable issue. The number of different DBC codes and the percentage of 
patients with an age above 70 do not seem to be important indicators for care burden. The number 
of DBC codes is in none of the models a significant indicator. The percentage of patients with an age 
above 70 is for one model a significant indicator, but the coefficient is very small. In the most extreme 
case, where 100% of the patients is older than 70 years, this can just lead to a decrease in required 
nursing hours of 2.3 hours. The differences in included dummy variables for the wards and the 
differences in their coefficients show the different requirements between wards. 
 
Table 10 shows the model results of the model for a day shift during the week. In Table 11, the model 
results for all models are summarized. The R2 show the amount of variance explained by the predictor 
variables and the R2 adjusted additionally account for the number of predictor variables. 
 
Table 10 - Model results MLRA for the day-week EBS model 

Model Summaryd 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate 

1 ,892a ,796 ,794 9,575 

2 ,892b ,796 ,795 9,572 

3 ,892c ,795 ,794 9,574 

 
Table 11 - Summarized model results for all EBS models 

 
In order to eventually improve the R2, additional variables (e.g. patient care time or LOS per ward) 
and interactions variables (e.g. interaction between ward dummies and IC or DBC) are included in 
the MLRA. Different regression methods are applied as well. However, these modifications did not 
lead to significant improvement of the R2 and multicollinearity arose. Therefore the models are not 
adjusted.  
 
Next to the R2 values, assumptions must be checked in order to examine the generalizability of the 
models. The VIF statistics for all included variables in each model are below 10, i.e. the reciprocal 
tolerance statistic (1/VIF) is not lower than 0.1, signifying no multicollinearity. The VIF score of 10 
is a general cut-off point, however, some research suggest that VIF scores above 5 are already worthy 
to concern (Field, 2009). In all six models none of the variables have a VIF score above 5 and therefore 
multicollinearity is not a problem.  

Model R2 R2 adjusted 
Week,Day 0.795 0.794 
Weekend,Day 0.782 0.779 
Week,Late 0.771 0.770 
Weekend,Late 0.684 0.680 
Week,Night 0.514 0.511 
Weekend,Night 0.537 0.534 
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The graphs in Figure 8 are obtained from the regression model for a day shift on a week day, the 
figures of the other models are provided in Appendix . The first two graphs in Figure 8 show that 
errors are normally distributed with a mean of zero (3.16E-16) and standard deviation of 0.998. The 
mean and standard deviations for the other models are similar, ranging from -7.93E-16 to 6.42E-15 
and from 0.993 to 0.998 respectively. For the other models, the assumption of normally distributed 
errors is not that well met regarding the histograms and normal probability plots, especially for the 
ones in the night. This could be expected since the variation in nursing hours is less during the night 
shift compared to a day shift and therefore the data points are less continuous leading to a less 
satisfying normality plot. However, non-normality is less problematic if the sample size is larger than 
200, which is the case for all six models. Such a large sample size diminishes the detrimental effects 
of non-normality, i.e. significant departures from normality may have negligible impact on results  
(Hair et al., 2010). The random pattern of the third graph in Figure 8 indicates that the assumptions 
of linearity and homoscedasticity are met. Finally, the Durbin-Watson statistic as well as the plot of 
residuals against the sequential number of data points are used for examining the independence of 
errors. The value of the Durbin-Watson statistic should be around two to conclude for no correlation 
i.e. independence of errors. The value varies from zero (positive correlation) to four (negative 
correlation), with critical boundaries at values one and three as mentioned in section 5.1.1. In this 
analysis, the Durbin-Watson statistic varies between the models from 0.884 to 1.576, with one of the 
models having a Durbin-Watson statistic below one. This indicates that in general no problem by 
definition is found based on this statistic, but values are not that good. Another way to examine 
independence of errors is by plotting the residuals against a sequential variable, e.g. the sequential 
number of data points. This plot is shown in Figure 9. The random pattern indicates no 
autocorrelation, i.e. the assumption of independence of errors is met based on this test. 

  

Figure 8 - Residual plots EBS model ‘Day Week’ 

Figure 9 - Sequential residual plot 
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5.2.4 Validation 

To determine the generalizability of the model to an independent dataset, cross validation is used. 

Cross validation is a model validation technique that is often used for estimating the accuracy of a 

predictive model. Other techniques are split-sample validation or holdout method and bootstrapping. 

When applying the split-sample technique, the data is split in a training set and a validation set, 

leading to an evaluation of the data that may depend heavily on which data points ended up in the 

training set and which in the test set (Ellis & Mookim, 2009). Witten, Frank, & Hall (2011) confirm 

this by indicating that the holdout method can lead to unlucky results if the sample for training is not 

representative. They further indicate that bootstrapping is an appropriate way to estimate the error 

rate for very small datasets, although it can lead to misleading optimistic error rates in some cases. 

As the dataset is quite large and as coincidences as in split-sample technique are avoided, cross 

validation is chosen. Within cross validation, the original sample can be partitioned into k equal 

subsamples, called k-fold cross validation. For each iteration, one subsample is retained for the 

validation while the other subsamples (k-1) are used for training. This method ensures that all data 

points are used for both training and validation. A special case of cross validation occurs if k is equal 

to the sample size, this is called leave-one-out cross validation. For this research, k is determined to 

be six, since then for each model a minimum sample size for validation of 100 data points is ensured. 

Several error measures can be used to evaluate the success of numeric prediction. The most common 

measure is the Mean Squared Error (MSE), defined as: 

𝑀𝑆𝐸 =  
∑ (�̂�𝑖 − 𝑦𝑖)

2𝑛
𝑖=1

𝑛
 

where �̂� and 𝑦 indicate respectively the predicted value on the test data and the actual value. In 

addition to the MSE, the Root Mean Squared Error (RMSE) is also used as an error measure: 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 = √ 
∑ (�̂�𝑖 − 𝑦𝑖)2𝑛

𝑖=1

𝑛
 

The MSE measure emphasizes extremes, i.e. the square of a small number (<1) gives an even smaller 

contribution to the MSE and a high deviation of the predicted value from the actual value contributes 

relatively much. The Mean Absolute Error (MAE) on the other hand averages the magnitude of errors 

with equal weights across all cases: 

𝑀𝐴𝐸 = 
∑ |�̂�𝑖 − 𝑦𝑖|

𝑛
𝑖=1

𝑛
 

Therefore, the MAE is more robust to outliers compared to the MSE. The results for the error 

measures are given in Table 12. The average MSE scores for the cross validations are similar to the 

MSE scores of the model, indicating a good predictive accuracy. The MAE measure allows the 

interpretation of absolute values. These absolute values differ between 2.756 and 6.951, indicating 

that the mean absolute error between actual and predicted nursing hours is less than eight hours, i.e. 

one shift. In addition, the R2 values obtained by cross validation are similar to the R2 values in Table 

11. 
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Table 12 - Error measures 

EBS 

model 

MSE (original 

model) 

MSE (cross 

validation)  

RMSE (cross 

validation) 

MAE (cross 

validation) 

R2 (cross 

validation) 

Day Week 91.662 92.147 9.599 7.32 0.793 

Day 

Weekend 

55.434 56.298 7.503 5.739 0.775 

Late 

Week 

56.185 56.670 7.528 5.504 0.768 

Late 

Weekend 

53.128 54.063 7.353 5.581 0.674 

Night 

Week 

20.399 20.499 4.528 3.040 0.509 

Night 

Weekend 

16.037 16.218 4.027 2.704 0.528 

 

Additionally, the EBS models are compared to the current day formations as given in section 3.3. The 

number of nursing hours cannot be validated in this way, but the day formations can be used to check 

for the direction of the effect of different wards. For instance, regarding the models ward B3O 

requires more nursing hours during a shift than ward B2O and similar findings are expected within 

the day formations. In general, it can be concluded that the models are consistent with the differences 

between wards in the day formations. 

5.3 Sequential correlations 

Based on the EBS models and period clusters, averages for the required nursing hours per shift can 

be found and used for the month planning. However, between the establishment of the month 
planning and a day realization, the amount of information will increase. E.g. if the average LOS of a 

patient on a particular ward is more than a week, then the expected day realization can probably be 

improved based on the patient presence a week in advance compared to expected day realization as 

considered within the month planning. In order to investigate the potential of adjusting the 

prediction of required nursing hours of a certain shift by the required nursing hours of a shift some 

time in advance, the correlation between these number of hours is obtained. The time in advance to 

investigate is chosen to be one week, i.e. seven days, as most wards are characterized with an average 

hospital LOS of patients of more than seven days and this is an acceptable time interval for nurses to 

be cancelled eventually. As will be explained in section 6.1, some nurses will be planned with 

reservations within the month planning and these nurses can be cancelled in between. If the revision 

should be two days in advance, eventual cancellation are rather short-term which is undesirable from 

a nurses’ perspective.   

Because this sequential comparison should take into account the differences between period 

clusters, first the EBS results per day are diminished by the average EBS results of the associated 
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period cluster and appropriate EBS model. Additionally, bivariate correlations are calculated by 

using SPSS. The results can be seen in Table 13. 

Table 13 - Correlation coefficients between sequential EBS values 

Ward Correlation T=0 and T=-7  
(sign. at 0.01 level 2-tailed) 

Correlation T=0 and T=-42  
(sign. at 0.01 level 2-tailed) 

B1O 0,692 0,673 

B1W 0,621 0,483 

B2O 0,902 0,898 

B2W1 0,485 0,288 

B2W2 0,230 0,114 

B3O 0,460 0,404 

B3W 0,930 0,906 

A1 0,583 0,556 

 

The correlations between day T=0 and day T=-7 are all significant, but they differ considerably 

between wards. The wards B2O and B3O have very high correlations, while for instance B2W1 is 

characterized with a lower correlation. For B2W1, the short stay ward, and A1, the day care ward, 

the lowest correlations are expected as the average LOS on these wards is shorter than one week. 

However, the correlations for B2W2 and B3O are even lower. An explanation of the relatively high 

coefficients for B2W1 and A1 can be that the pattern over a week is quite constant for these wards, 

e.g. for B2W1, relatively much patients are admitted in the beginning of the week while the amount 

of patients decreases towards the weekend as this ward is closed from Saturday afternoon to Monday 

morning.  

The correlations between T=0 and T=-42 are investigated as well, since the month planning is 

realized six weeks in advance of the start of the month. At this time, sequential correlations are 

expected to be lower than the correlations between T=0 and day T=-7. The results show that for all 

wards the sequential correlations between T=0 and T=-42 are indeed lower, although for some wards 

the difference is very small. This indicates a quite constant pattern over the week for all wards, which 

was already suspected for B2W1 and A1. As indicated in chapter 2, nurses are following resources. 

The fixed OT schedule of Bernhoven will partly cause the quite constant pattern.  

5.4 Conclusion required nursing hours 

As shown in this chapter, the required nursing hours are influenced by the period cluster, the shift, 

the sort of day (week or weekend), and the ward. Four period clusters are identified by the period 

clustering analysis and six EBS models are obtained, referring to each possible combination between 

day, late, and night shift and on the other hand weekdays and weekend days. Combining the period 

cluster and the EBS models, lead to 21 unique clusters. For period cluster four is only data available 

about weekdays. By means of the unique clusters and all data of 2014, the required nursing hours 

per unique cluster per ward can be determined. These nursing hours can be translated into shifts and 
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can be used as starting point for flexibility scenarios ( Table 14). The results of this required nursing 

hours analysis gives a more differentiated number of nurses per shift compared to the number of 

nurses per shift within the static day formations by more differentiation between periods. Moreover, 

the number of required nurses per shift per ward is better aligned with patient care demand by taking 

into account the care burden.    

 Table 14 - Average required nursing shifts per unique cluster based on EBS models 

Unique cluster B1O B1W B2O B2W1 B2W2 B3O B3W A1 

1 Day Week 6 11 4 4 5 10 8 8 

2 Day Week 6 11 4 4 5 9 7 7 

3 Day Week 6 11 4 3 5 9 7 6 

4 Day Week 6 11 4   4 9 7   

1 Late Week 5 7 4 3 4 8 7 3 

2 Late Week 5 7 4 3 4 8 7 3 

3 Late Week 4 7 4 3 4 8 6 3 

4 Late Week 5 6 4   3 7 5   

1 Night Week 2 3 2 2 2 4 3   

2 Night Week 2 3 2 2 2 3 3   

3 Night Week 2 3 2 2 2 3 3   

4 Night Week 2 3 2   2 3 3   

1 Day Weekend 5 6 4 2 5 8 7   

2 Day Weekend 5 6 4 1 5 8 7   

3 Day Weekend 5 6 4 2 5 8 7   

1 Late Weekend 5 6 4   4 7 6   

2 Late Weekend 4 6 4   4 7 6   

3 Late Weekend 4 6 4   4 7 6   

1 Night Weekend 3 3 2   2 4 3   

2 Night Weekend 2 3 2   2 4 3   

3 Night Weekend 2 3 2   2 4 3   

 
Besides the average required nursing hours per unique cluster per ward, the analysis of sequential 
correlations indicate that the required nursing hours of two days with one week in between are 
correlated, although these correlations are not much stronger than the sequential correlations of two 
days with one planning period (i.e. one month) in between. This indicates that in the current situation 
of Bernhoven, an intermediate revision of the predicted nursing requirements one week in advance 
has a small effect. However, OT schedules will be changed within a year and then an intermediate 
revision of the forecast can have larger effects.  
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6 Flexibility scenarios 

In this chapter, a simulation model will be introduced to evaluate flexibility scenarios. These 

scenarios consider the amount of dedicated nurses and the amount flex nurses to be deployed. 

Choices made on tactical level, i.e. by creating the month planning, influence actions on operational 

level. The goal is to obtain optimal basic rosters, i.e. day formations, in terms of number of dedicated 

and flex nurses. This will be done by simulating different tactical scenarios and evaluating according 

operational consequences. 

6.1 Simulation approach 

For evaluation different flexibility scenarios, a simulation model is developed. Simulation modeling 

has excelled in handling resource scheduling issues due to the robustness and flexibility of the 

approach to examine various strategies (Thorwarth, Arisha, & Harper, 2009). The simulation model 

considers different phases of the nurse planning process. First, possible scenarios for the amount of 

dedicated and flex nurses are considered on tactical level, i.e. the level at which the month planning 

is created. At this level, the EBS models in combination with the period clusters lead to a total 

required nursing hours per day for each period cluster. For each scenario, actual day requirements 

are simulated in order to investigate the consequences of different scenarios on the actions taken on 

an actual day. To determine the actual day requirements in number of nursing hours, the EBS model 

is used as well. These day realizations are situated at the operational level. Next to the month 

planning and the day realizations, an intermediate phase is considered on which the forecasts of the 

month planning are revised as the uncertainty about the required nursing hours decreases over time. 

By including an intermediate phase, the number of planned nurses can already be adjusted to cater 

to the required nursing hours. For this purpose, the scenarios consider two forms of flex nurses: fixed 

flex nurses and flex nurses planned with reservations. The latter flex form is meant to capture the 

intermediate adjustments. Figure 10 provides a generic conceptual representation of the simulation 

and the relation with the EBS model and period clusters. Besides adjusting for fluctuations in patient 

care demand, fluctuations on the supply side are considered as well by taking into account sick leave. 

To assess the scenarios, performance indicators associated with different forms of nurse deployment 

are established and costs are awarded to these indicators: real costs in case available and otherwise 

fictitious costs are awarded. In this chapter, first the development of scenarios will be discussed, 

followed by an explanation of the intermediate demand forecast method. Subsequently the method 

for incorporating sick leave is outlined. After clarifying these methods, the simulation process is 

described step by step, followed by a description of the result indicators. The simulation model is 

built in Microsoft Excel supported by VBA scripts.  

Period identification

EBS regression 
model

Flexibility scenarios

Month planning Day realization
Intermediate 
adjustment

 

Figure 10 - Conceptual representation of scenario simulation and relations with EBS model and period clusters 
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6.1.1 Scenarios 

The scenarios for simulation are established on three parameter values: a parameter value for 

dedicated nurses (DNs), a parameter value for fixed flex nurses (FFNs), and a parameter value for 

flex nurses that will be planned with reservations (FNRs). Values of these parameters represent the 

percentage of shifts within a cluster that the required nursing hours are covered. E.g. a parameter 

value for DNs of 0.05 indicates that for five percent of the total number of shifts within a particular 

cluster, the required nursing hours are completely covered by DNs. This implies that, when a 

frequency distribution of EBS values of shifts within a cluster are established from low to high EBS 

values, the ward is already overstaffed for the shifts with lower EBS values than the EBS value at the 

shift at five percent, even without flex nurses. The parameter values for DNs should therefore be kept 

relatively low as overstaffing is undesirable.  

To obtain the EBS values belonging to the parameter values for DNs, frequency distributions of the 

EBS values of the shifts per unique cluster (i.e. unique combination of EBS model and period cluster) 

per ward are used. Although these distributions are statistically not normally distributed and the 

frequency histograms are skewed, the distributions show generally a bell-curve. When more data 

becomes available, the issue of non-normality will reduce or even disappear. After determining the 

EBS values for the parameter values for DNs per ward, the EBS values for the FNN and FNR 

parameters are determined in total, i.e. ward-independent. Flex nurses can capture fluctuations in 

demand irrespective the ward at which the demand fluctuates. First the remaining required nursing 

hours per ward are decreased with the EBS values according to the parameter values of DNs of that 

ward and the resulting values are summed for all wards. This gives a distribution of the total required 

nursing hours after assigning DNs and is used to assign flex nurses. The parameter values for FNNs 

are below 0.5 for the same reason as the low parameter values for DNs: preventing overstaffing. On 

the other hand, the parameter values for FNRs have high parameter values to capture for shifts with 

relatively high demand for nursing hours. The advantage of FNRs is that they can be cancelled in the 

meantime. For that reason, high parameter values can be awarded: when it turns out in the 

intermediate phase that (some of) these nurses are superfluous, they can be cancelled at relatively 

low costs instead of high (penalty) costs for overstaffing if they are superfluous on the shift itself. On 

the other hand, not all flex nurses should be FNRs as at least some flex nurses will be deployed and 

intermediate cancellations are still less preferable than no cancellations. The parameter values for 

the three types of nurse deployment are given in Table 15.  

Table 15 - Parameter values for the types of nurse deployment used in simulation 

Nurse category Fractions within month planning 

Dedicated nurses 0.05, 0.1, 0.15, 0.2, 0.25 

Fixed flex nurses 0.1, 0.2, 0.3, 0.4 

Flex nurses planned with reservations 0.5, 0.6, 0.7, 0.8, 0.9 

 

6.1.2 Intermediate demand forecasting 

The month planning is based on historical data of days within a unique cluster for which EBS values 

are calculated. However, the planning can be improved by intermediate revision: uncertainty 

decreases between long-term and short-term forecasts. As can be obtained from the correlation 
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coefficients between day realizations and day realizations of the previous weeks in section 5.3, the 

patient care demand of one week before a particular day has a predictive value for the required 

nursing hours on that particular day. Nevertheless, in this case the predictive value was not much 

increased when comparing the correlations between two days with respectively one week and one 

month in between. This can be due to the fact that fixed OT schedules are currently maintained and 

nursing requirements are following resources, leading to a quite fixed pattern of patient care 

demand. As OT schedules will change within Bernhoven and as other hospitals possibly have 

significant higher correlations for days with one week in between than for days with one month in 

between, the correlations still are included in the method for intermediate demand forecasting. 

The forecast method that is used for this intermediate forecast is the exponential smoothing method. 

This is a frequently used method for e.g. demand forecasting for inventory control, because of its 

robustness and its accuracy for short-term forecasting (Taylor, 2004). Within this method, forecasts 

are weighted combinations of past and recent observations (Hyndman, Koehler, Ord, & Snyder, 

2008). As the purpose of the intermediate forecast is to forecast the patient care demand for one 

week later, simple exponential smoothing is used for this point forecast. The formula for the forecast 

is: 

𝐹𝑡+1 =  𝛼 ∗ 𝑅𝑡 + (1 − 𝛼) ∗ 𝐹𝑡  

The forecast 𝐹𝑡+1 is based on the most recent observation or realization 𝑅𝑡 , weighted with the 

correlation coefficient 𝛼, and on the regular forecast 𝐹𝑡 , weighted by 1 − 𝛼. For a high correlation 

coefficient in combination with a realization that deviates from the forecast, the new forecast will be 

substantially different from the regular forecast. A low correlation coefficient will have minor impact 

on the new forecast. Although this method improves the forecast for patient care demand one week 

later, it is still a forecast whereby not all uncertainty can be eliminated. Therefore not all flex nurses 

are cancelled to the level of the new forecast. Instead, the level to which these flex nurses are 

cancelled is the value of the new forecast plus one standard deviation from this forecast. Assuming a 

normal distribution around the forecast, in 84% of the days sufficient flex nurses are planned instead 

of 50% in case of cancelling to the level of the forecast. To calculate the standard deviation, the 

variance of the new forecast is obtained. The one-step ahead variance for simple exponential 

smoothing can be derived from the formula provided by Taylor (2004): 

𝜎𝐹𝑡+1

2 =  𝛼 ∗ 𝜀𝑅𝑡

2 + (1 − 𝛼) ∗ 𝜎𝐹𝑡

2  

The variance of the new forecast 𝜎𝐹𝑡+1

2 is based on 𝜀𝑅𝑡

2 , the error between the forecasted and realized 

patient care demand at time t multiplied by the correlation coefficient 𝛼, and on 𝜎𝐹𝑡

2 , the variance of 

the regular forecast 𝐹𝑡 multiplied by 1 − 𝛼. For the variance of the regular forecast, the regular 

forecast is assumed to be the forecast for the actual day. Thus, in case the revision day and the actual 

day fall within a different cluster, then the variance of the regular forecast of the actual day is taken.  

6.1.3 Short-term supply forecasting: sick leave 

Patient care demand is subject to fluctuations that are not entirely known in advance. This 

uncertainty also applies to the supply of nurses: the actual presence of planned nurses is not 

guaranteed due to sick leave or pregnancy leave. Such leave should be captured by the flex nurses, 

according to the strategy of Bernhoven. Therefore, sick leave is incorporated in the simulation model. 

The data obtained from Bernhoven concerning sick leave distinguishes between sick leave and 

pregnancy leave. The model only includes short-term sick leave. Long-term sick leave or pregnancy 
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leave can mostly be taken into account while making the month planning (i.e. not planning the nurses 

with this leave) and has therefore no effect on short-term planning adjustments. Therefore long-term 

leave is not included in the simulation. Since this long-term leave does add to required FTEs of flex 

nurses, for this leave is corrected beyond the simulation model (section 6.5). 

Short-term sick leave is included as it is unplanned leave and the model has to adjust for it. Short-

term leave is defined by Bernhoven as leave with a maximum of five working days. However, for 

modelling purposes, short-term sick leave is assumed to be 28 days (i.e. one month) as for this time 

horizon the planning is made. E.g. a definition for short-term leave of five working days, would imply 

that sick leave of nine days is long-term sick leave and for this long-term leave it is assumed that it 

can be taken into consideration by creating the month planning. As the sick leave data is only 

available on day level, the sick leave is proportionally divided over the three shifts. According to the 

day formations (section 3.3), the ratio between the shifts is 3:2:1 for the day, the late, and the night 

shift respectively. In addition, the sick leave data includes the day at which someone gets ill and the 

day at which someone is recovered, but no data is available about the number of nurses that are with 

sick leave during a certain shift. I.e. knowledge about start date and end date of sickness does not 

indicate at which shifts the ill nurses should have worked in between. This complicates analysis of 

the sick leave level per day and associated trends. Assuming that the level of sick leave on day t=-1 

gives at least some information about the level of sick leave on the next day, day t=0, sick leave is 

modelled by a Markov chain. A Markov chain is a sequence of random states of a system, whereby 

the state at time t=0 only depends on the previous state, the state at t=-1 (Ng & Ching, 2006). The 

states indicate the level of sick leave, i.e. the number of nurses with sick leave per shift. For each shift, 

the possible states and according transition probabilities are calculated based on historical data, 

which resulted in a transition matrix per shift. The intermediate forecast and the actual sick leave 

during a particular day are based on these states and probabilities. For the intermediate forecast, the 

state of sick leave on day t=0 is multiplied by the transition matrix through matrix multiplication: 

[
 
 
 
 
0.45 0.07 0.01 0 0
0.55 0.65 0.19 0 0
0 0.28 0.75 0.43 0.29
0 0 0.05 0.43 0.43
0 0 0.01 0.14 0.29]

 
 
 
 

∗

[
 
 
 
 
0
1
0
0
0]
 
 
 
 

 

The first matrix is the transition matrix (in this example the transition matrix of the day shift) with 

states from zero to four indicating the number of nurses with sick leave per shift, while the second 

matrix indicates that at t=0, one nurse is on sick leave. This multiplication leads to a forecast for day 

t=1. The matrix of this new, forecasted state is again multiplied by the transition matrix. This 

multiplication is done seven times in total to obtain the state on day t=7, i.e. one week later. The 

forecast on intermediate level in the simulation model is based on the sum of all possible states 

multiplied by their according probability for the state on day t=7. The realized sick leave on day t=7 

is obtained by random selecting a state given the probability distribution that belongs to the 

particular shift and the initial state at day t=0. 

6.1.4 Result indicators 

Result indicators are used to compare different scenarios and to determine the optimal scenario per 

cluster. Within this research, the result indicators are all related to the deployment of nurses. Next to 

the deployment of dedicated and flex nurses, the adjustments made on operational level to satisfy 

the required nursing hours of a particular day, lead to other forms of deployment. Examples are 
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butterflying or ad hoc deployment of flex nurses. These forms are discussed in section 3.2.1. 

Additional indicators are the cancellations of FNRs and eventually FFNs, and the resulting states 

when deployment forms are not able to match the required nursing hours: understaffing (which 

leads to quality loss of care) or overstaffing (where nurses can be cancelled or staying overstaffed).  

Summarizing, the result indicators are listed: 

Table 16 - Indicators on which flexibility scenarios are evaluated 

Result indicator Abbreviation 
# dedicated nurses deployed DN 
# flex nurses deployed  FN 
# cancellations of fixed flex nurses CFFN 
# cancellations of flex nurses with planned reservations intermediately CFNRI 
# cancellations of flex nurses with planned reservations ad hoc CFNRA 
# nurses butterflied NB 
# nurses deployed ad hoc NDA 
# nurses available but not deployed ad hoc NAAD 
# nurses understaffed US 
# nurses overstaffed OS 

 

Costs are attached to all result indicators. For some indicators these are real costs, e.g. for the 

deployment of dedicated nurses, the real costs of a nurse per hour can be used. However, for some 

indicators no real costs can be obtained. The cost coefficients for these indicators are fictitious, with 

higher costs for less desirable deployment forms. These fictitious costs can be seen as penalty costs.  

The resulting object function per cluster is: 

𝑀𝑖𝑛 𝐶 =             𝑐𝐷𝑁 ∗ 𝐷𝑁 + 𝑐𝐹𝑁 ∗ 𝐹𝑁 + 𝑐𝐶𝐹𝐹𝑁 ∗ 𝐶𝐹𝐹𝑁 + 𝑐𝐶𝐹𝑁𝑅𝐼 ∗ 𝐶𝐹𝑁𝑅𝐶𝐼 + 𝑐𝐶𝐹𝑁𝑅𝐴 ∗ 𝐶𝐹𝑁𝑅𝐶𝐴

+ 𝑐𝑁𝐵 ∗ 𝑁𝐵 + 𝑐𝑁𝐷𝐴 ∗ 𝑁𝐷𝐴 + 𝑐𝑁𝐴𝐴𝐷 ∗ 𝑁𝐴𝐴𝐷 + 𝑐𝑈𝑆 ∗ 𝑈𝑆 + 𝑐𝑂𝑆 ∗ 𝑂𝑆 

whereby 𝑐𝑥 = 𝑐𝑜𝑠𝑡 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 and 𝑥 specifies the performance indicator. 

The costs for the deployment of DNs and FNs are known: €33.95 and €36.45 per hour respectively. 

Per shift this respectively leads to €271.60 and €291.60. For the other indicators, fictitious costs are 

awarded. Higher costs are awarded to less desirable deployment forms. The deployment of FNs has 

€2.50 higher costs per hour than the deployment of DNs. For the other forms, NB, NDA, US, and OS, 

the costs per hour are assumed that be €4.00, €6.00, €8.00, and €7.00 higher than the costs for a DN. 

These costs are awarded based on the desirability of a deployment form: higher costs indicates a less 

desirable option and therefore this option is more ‘punished’. E.g. understaffing is assumed to be less 

desirable than overstaffing: as patient-centered care is one of the goals of Bernhoven, quality loss is 

less favorable from patients’ perspective compared to overstaffing. To determine the costs for a shift, 

the costs for each deployment form are multiplied by eight. The costs of CFNRI (i.e. intermediate 

cancellations of nurses planned with reservations) are assumed to be the difference between the 

costs per shift of FN and NDA. The costs for CFFN are calculated by taking the difference between the 

costs per shift of DN and NDA. The way of calculating the cancellation costs is similar, although the 

costs for NDAs are decreased by respectively the costs for FNs and DNs. The reason for this difference 

is that cancellations of FFNs are less desirable than cancellations of FNRs. In addition, the costs for a 

nurse that is standby for ad hoc deployment (NAAD) are assumed to be higher than the costs of 

CFNRI, as on call use is less desirable than cancelling an initial planned FNR on intermediate level. 
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The NAAD costs are assumed to be equal to the CFFN costs. Finally, the costs for CFNRA are assumed 

to be higher than the costs for CFNRI, as short-term cancellations are less desirable than medium-

term cancellations. On the other hand, these costs for CFNRA are assumed to be lower than NAAD as 

deploying a nurse on call is less desirable than the cancellation of a nurse. The resulting costs per 

deployment form per shift are given in Table 17. The valuation of the costs parameters, i.e. result 

parameters, can influence the evaluation of scenarios. As most values for the cost parameter are 

fictitious, a sensitivity analysis on costs is performed in section 6.3.2.  

Table 17 - Cost parameters 

Cost parameter Costs per shift per nurse 

DN €271.60 

FN €291.60 

NB €303.60 

NDA €319.60 

NAAD €48.00 

U €335.60 

O €327.60 

CFNRI €28.00 

CFFN €48.00 

CFNRA €38.00 

 

6.1.5 Simulation process 

The simulation process considers the following steps. First, a cluster and scenario are chosen. The 

scenario indicates the number of DNs, FFNs, and FNRs. For the deployment of DNs, the constraint of 

at least two DNs per opened ward is taken into account. This is a hard constraint to guarantee 

minimal care, regardless the number of patients present at the ward. The next step is the 

identification of the days that belong to the cluster. These identified days, i.e. candidates, are counted 

and the number of candidates to select for the simulation is determined. In addition, a candidate is 

selected at random, whereby previously selected candidates cannot be selected again. Subsequently, 
the planning of nurses is revised based on the intermediate forecasts of patient care demand and sick 

leave of nurses, as explained in section 6.1.2 and section 6.1.3 respectively. The number of FNRs and 

eventually FFNs are adjusted if the intermediate forecast indicates that (some of) these will not be 

required. In addition, the actual requirements of the day for which the planning was revised are 

examined. Actual sick leave is determined based on the probability distributions as explained in 

section 6.1.3 and this sick leave is randomly assigned to the wards. The already planned number of 

DNs, the actual required number of nurses, and the number of nurses with sick leave are compared. 

Additionally, flex nurses are assigned one by one to the ward with the biggest gap between already 

planned nurses and required nurses for that day. If gaps are equal among wards, a flex worker is 

randomly assigned to one of these wards. Flex nurses are assigned until no more flex nurses are 

available or until all wards are staffed with sufficient nurses. In that case, the remaining flex nurses 

are overstaffed. If all flex nurses are assigned, but some wards still require nurses, the option of 

butterflying (explained in section 3.2.1) is evaluated. If afterwards still more nurses are needed, flex 

nurses can be called for ad hoc deployment. The number of nurses available for ad hoc deployment 



37 

is discussed in section 6.3.1. After evaluating and eventually applying these deployment strategies, 

the result of the deployment during that shift can be either understaffing, overstaffing, or matched 

demand for and supply of nurses. This process is repeated for the number of candidate days, for every 

scenario, for every cluster. Finally, the different scenarios per cluster can be evaluated based on the 

cost object function as defined in section 6.1.4. The costs for all realized days within a scenario are 

averaged. Within a cluster, the minimum average costs per scenario indicates the most optimal 

scenario for that cluster. This method for cluster and scenario evaluation is shown in Figure 11 

(where Sc is a scenario, d is a day, and c indicates the costs). Appendix E provides a conceptual 

representation of the simulation with more detail than the one presented in the introduction of this 

chapter. In Appendix F, the main VBA codes are given.  

Cluster

Optimal scenario for 
cluster

Sc1 Sc2 Sc3 Sc4 Sc Sc

d1 d2 d3 d4

c
d1

c
d2

c
d3

c
d4

d1 d2 d3 d4

c
d1

c
d2

c
d3

c
d4

Average costs

Minimum costs

Average costs

 

Figure 11 - Method for cluster and scenario evaluation 

6.2 Results 

The simulation model results in basic rosters with the number of DNs per ward and the number of 

FFNs and FNRs that should be planned while creating the month planning. These numbers of nurses 

depend on the unique cluster to which the shifts that are being planned belong. Table 18 provides 

the most optimal basic roster for each unique cluster. The optimal basic rosters are selected by 

comparing the (fictitious) costs of different scenarios and selecting the one with the lowest costs. In 

addition, the table shows the percentage of shifts that belong to each cluster, i.e. the relative amount 

of shifts over a year that belong to each cluster. The average actual deployment of the flex nurses is 

given as well to provide insight in the planned versus the actual deployment of flex nurses. For both, 

planned and actual deployed flex nurses, the percentage flex nurses of the total deployment during a 

shift is given for each cluster.   
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Table 18 - Modeling result: basic rosters 

 

The results indicate that in general shifts during the week require more nurses than shifts during the 

weekend and day shifts require more nurses than late shifts. As expected, night shifts require the 

least nurses. For the number of the flex nurses that should be planned in the basic roster, the highest 

percentages are obtained for late shifts and the lowest percentages for night shifts. The highest 

percentage for planned flex and the largest difference between planned flex and average flex 

deployed can be found for shifts within cluster ‘3 Late Week’. This implies that patient care demand 

fluctuates most during shifts in this cluster (see Table 8). Comparing different period clusters, the 

percentage of planned flex nurses is highest for period cluster 3, followed by period cluster 2, 

although differences are small. Moreover, slightly more flex nurses are required during weekdays 

compared to weekend days. In addition, for four clusters is indicated that no flexible nurses should 

be planned for shifts within these clusters. Two of these are clusters within period cluster 4, which 

can be considered as a special cluster in this analysis. For period cluster 4, only a few data points are 

available to use in the simulation due to the fact that only data of one year is available and this period 

cluster consists of only three calendar days. Since the required nursing hours for the three days are 

similar, the number of dedicated nurses will fulfill the required nursing hours, regardless the selected 

scenario. This argument also applies to the other two clusters with no planned flexible nurses 

according to the basic rosters, which are both night shifts in period cluster 3. Although more data 

entries for these clusters are available compared to period cluster 4, the similarity of EBS values 

within these clusters leads to such basic rosters. 

In order to validate the model and resulting scenarios, the model is run again without any model 

changes. Differences between the two simulation runs are caused by the random selection of day 

realizations and by stratified random selection of the number of nurses with ad hoc sick leave 

according to the probability distribution (explained in section 6.1.3). Figure 12 shows for each 

scenario parameter (DNs, FFNs, and FRNs) the differences between the two runs. Similar parameter 

values are selected for half of the scenarios and the other parameter values are in general close to 

each other, although a few significant differences can be identified. For the percentage of DNs, the 

largest difference is detected for the cluster ‘1 Late Week’, followed by the cluster ‘4 Day Week’. For 

%DN %FFN %FNR B1O B1W B2O B2W1 B2W2 B3O B3W A1 #FN % of total #FN % of total 

1 Day Week 1 3,7% 0,1 0,1 0,5 6 11 4 3 5 9 7 7 4 7% 4 7%

2 Day Week 2 14,2% 0,25 0,1 0,5 5 10 4 3 4 9 7 6 5 9% 5 9%

3 Day Week 3 5,7% 0,05 0,1 0,5 5 11 4 3 4 9 7 5 5 9% 4 8%

4 Day Week 4 0,3% 0,25 0,1 0,6 6 10 4 0 4 9 6 0 1 3% 1 3%

1 Late Week 5 3,7% 0,25 0,2 0,6 4 6 4 3 4 7 6 2 6 14% 5 12%

2 Late Week 6 14,2% 0,1 0,1 0,7 4 6 4 3 3 7 6 2 5 13% 4 10%

3 Late Week 7 5,7% 0,1 0,1 0,6 4 6 4 2 3 7 6 2 7 17% 5 13%

4 Late Week 8 0,3% 0,15 0,3 0,5 4 6 4 0 3 7 5 0 0 0% 0 0%

1 Night Week 9 3,7% 0,1 0,1 0,7 2 3 2 2 2 3 3 0 1 6% 1 6%

2 Night Week 10 14,2% 0,05 0,1 0,5 2 3 2 2 2 3 3 0 1 6% 0 0%

3 Night Week 11 5,7% 0,2 0,1 0,9 2 3 2 2 2 3 3 0 0 0% 0 0%

4 Night Week 12 0,3% 0,15 0,3 0,7 2 3 2 0 2 3 3 0 0 0% 0 0%

1 Day Weekend 13 1,3% 0,1 0,1 0,5 5 6 4 2 5 8 7 0 1 3% 1 3%

2 Day Weekend 14 5,4% 0,15 0,1 0,5 5 6 4 2 5 8 6 0 3 8% 3 8%

3 Day Weekend 15 2,8% 0,05 0,1 0,9 4 6 4 2 4 8 6 0 3 8% 3 8%

1 Late Weekend 16 1,3% 0,05 0,1 0,6 5 6 4 0 4 7 6 0 1 3% 1 3%

2 Late Weekend 17 5,4% 0,25 0,2 0,5 4 5 4 0 3 7 6 0 4 12% 3 9%

3 Late Weekend 18 2,8% 0,25 0,1 0,5 4 5 3 0 3 7 5 0 4 13% 4 13%

1 Night Weekend 19 1,3% 0,2 0,2 0,6 2 3 2 0 2 3 3 0 1 6% 1 6%

2 Night Weekend 20 5,4% 0,05 0,2 0,9 2 3 2 0 2 3 3 0 1 6% 1 6%

3 Night Weekend 21 2,8% 0,05 0,1 0,6 2 3 2 0 2 3 3 0 0 0% 0 0%

Cluster
Scenario Ward Flex in basic roster Average flex deployed

ID
% of total 

shifts
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the percentage of FFNs, the largest differences are found for the clusters ‘4 Late Week’, ‘2 Day 

Weekend’, and ‘2 Night Weekend’. Finally, for the percentage of FRNs, the largest differences are 

obtained for the clusters ‘3 Late Week’, and ‘2 Night Week’. These few larger differences can be 

explained by two reasons. First, it is possible for multiple scenarios to have equal lowest costs. In that 

case different scenarios for a particular cluster can be chosen during different runs while the costs 

for this cluster do not change. Secondly, the random selection of day realizations and ad hoc sick leave 

level seems to cause some deviation in scenario selection.   

Figure 12 - Scenario validation 

6.3 Sensitivity analysis 

In order to investigate the robustness of the model results, sensitivity analyses are conducted. First 

the influence of two decision variables is investigated. These decision variables are related to 

butterflying and ad hoc deployment. For butterflying the decision can be either butterflying between 

all wards or between diagnostic wards and surgical wards separately. For ad hoc deployment, the 

influence of the number of nurses that is available for ad hoc deployment is investigated. Next to 

evaluating choices on these decision variables, the effect of changing the values of the cost 

parameters is considered. As most values for the cost parameters are fictitious cost, the effect of 

increasing or decreasing these costs is important to evaluate.  

6.3.1 Decision variables 

Butterflying indicates that DNs of a ward are deployed on another ward on ad hoc basis. This is the 

consequence when on one ward the DNs are overstaffed while on another ward, after the assignment 

of flex nurses, nurses are still required. The decision variable for butterflying can be either set to 

‘butterflying between all wards’ or to ‘butterflying between the diagnostic wards and the surgery 

wards separately’. Both situations are simulated. For butterflying between all wards, the resulting 

number of butterflied nurses a year is on average 103. Butterflying only between the diagnostic 

wards or the surgery wards results in an average of 48 butterflied nurses a year. In the latter case, 

butterflying is more restricted and therefore less prevalent. When remaining nurse requirements 

cannot be satisfied by butterflying, the alternative is ad hoc deployment in case nurses are available 

for ad hoc deployment and otherwise the ward(s) will stay understaffed, leading to quality loss of 

care. As both ad hoc deployment and quality loss are more expensive (i.e. less desirable) than 

butterflying, it is recommended to enable butterflying between all wards as this option better prevent 

for ad hoc deployment and quality loss. Considering the original costs as given in section 6.1.4 and 

comparing butterflying with quality loss (assuming no ad hoc nurses are available), butterflying 

between all wards will save about €1,800.- compared to the case of separate butterflying.     

Another decision concerns the number of nurses available for ad hoc deployment (NAAD). The 

number of NAADs is initially set to one nurse. However, after the simulation is run, it can be 

investigated what number of NAADs would be optimal in terms of costs. I.e. the number of nurses 
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deployed ad hoc and the number of quality losses are interchangeable as long as the sum of these two 

does not change. For instance, if three required nurses remain after assigning flexible nurses and 

applying butterflying, then this results in one quality loss in case of two NAADs or two quality losses 

in case of one NAAD. Regarding all realized shifts, the sum of ad hoc deployment and quality losses is 

seven at maximum and therefore the options from zero to seven NAADs is studied.  

For each option is investigated on how many shifts ad hoc nurses will on average be deployed within 

each cluster. E.g. in the case of one NAAD, on average at 9.7% of the shifts within the cluster ‘3 Day 

Weekend’ this NAAD will actually be deployed. As this cluster counts 31 shifts a year, on average the 

NAAD will actually be deployed during three shifts a year within this cluster. These percentages are 

for each cluster weighted against the number of shifts a year and subsequently summarized. The total 

result for one NAAD indicates that during 18.7% of all shifts within a year that one NAAD will be 

deployed. This calculation is repeated for each optional number of NAADs. For two NAADs, the 

resulting percentage of shifts that the NAAD will be deployed is 27.6%. This percentage indicates that 

during 27.6% of all shifts within a year, one or two NAADs will actually be deployed. To obtain the 

percentage of shifts at which solely two NAADs are deployed, the percentage obtained for two NAADs 

is decreased by the percentage obtained for one NAAD. Figure 13 shows the number of NAADs and 

the according percentage of shifts during a year that this number of NAADs will actually be deployed. 

Figure 13 - Percentage deployment of NAADs 

Based on these percentages and based on the costs for ad hoc deployment, ad hoc availability, and 

quality loss as provided in Table 17, the resulting costs for each optional number of NAADs can be 

calculated. E.g. in the case of one NAAD, the cost reduction for the shifts in which the NAAD is 

deployed is €16 (i.e. the difference between the costs for NDA and U) and the costs for one NAAD are 

€48 per shift. One NAAD leads therefore to additional costs of about €50,000.- a year compared to a 

situation with no NAADs (1 NAAD * €48 per shift * 1095 shifts a year – 18.7% of 1095 shifts * €16 

cost reduction per shift deployed). The general formula for weighing the costs for ad hoc availability 

against the cost reduction of ad hoc deployment instead of quality loss is as follows: 

𝐶 =  ∑ 𝑝𝑛 ∗ 𝑠 ∗ 𝑛 ∗ (𝑐𝑄𝐿 − 𝑐𝑁𝐴𝐷) − 

𝑖

𝑛=1

𝑖 ∗ 𝑠 ∗ 𝑐𝑁𝐴𝐴  

where 𝑝 is the percentage of shifts that 𝑛 ad hoc nurses are actual deployed, 𝑠 is the number of shifts 

a year, and 𝑖 = 0,… , 7, indicates the number of NAADs.  
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The formula can be used to determine the effect of cost parameters on the number of NAADs. Solving 

for one NAAD, the costs for one NAAD should be a factor 5.3 smaller than the cost difference between 

quality loss and ad hoc deployment to make one NAAD advantageous from a (fictitious) cost 

perspective. Besides, the number of NAADs does not need to be the same for all shifts. When 

considering day, late and night shifts separately, the actual deployment of one NAAD is 32.5% for the 

day shifts, while for the other shifts this percentages is just above 10%. To make one NAAD only for 

the day shifts advantageous, the costs for one NAAD should be a factor 3.1 smaller than the cost 

difference between quality loss and ad hoc deployment.    

6.3.2 Cost parameters 

Section 6.1.4 introduces the cost parameters and its (fictitious) cost values. In this section, the 

influence of changing these cost values is evaluated by the number of scenario changes. Table 17 

shows the number of scenario changes for different cost value changes.  

Table 199 - Number of scenario changes for the 21 clusters 

 Value change of cost parameter 

Cost parameter +€40 +€20 -€20 -€40 

US (understaffing) 2 1 3 5 

OS (overstaffing) 1 0 0 0 

NB (butterflying) 0 0 0 0 

CFNRI (cancelling intermediate flex 

nurse planned with reservations) 

1 1 0 - 

CFNRA (cancelling intermediate fixed 

flex nurse) 

0 0 0 0 

The results show that the model is quite robust to cost value changes. The majority of optimal 

scenarios for the in total 21 clusters remains the same after adjusting the cost parameter values. The 

largest differences that are found are for the cost values of understaffing. Especially when costs 

decrease for this parameter, other scenarios are selected as most optimal compared to the baseline 

situation. As the costs for understaffing decrease, this means that an understaffed shift is less 

‘punished’ and a switch occurs from understaffing as least desirable to overstaffing as least desirable 

option. This causes changes in the selection of optimal scenarios as scenarios with much overstaffing 

are more punished than scenarios with much understaffing, which was the other way round for the 

baseline situation.   

6.4 Comparison hospital’s current and future deployment 

The deployment of nurses based on the modelling results is compared with the deployment of nurses 

according to the deployment policy of Bernhoven in 2014, respectively referred to as current and 

model policy. According to the current policy, nurses are planned according to the day formations 

given in section 3.3. The total number of nurses deployed per year is calculated by multiplying the 

day formations for each shift with the number of days in a year. A distinction is made in day 

formations between week days and weekend days. It is assumed that 2014 had 255 weekdays and 

110 weekend days (including six bank holidays). This leads to the total nurse deployment of 37,596 
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shifts. The total nurse deployment based on the model outcomes is calculated by multiplying the 

basic rosters per cluster by the number of shifts within that cluster. This leads to the total 

requirement of 34,439 shifts on which dedicated nurses are deployed and an additional 2,975 shifts 

on which flex nurses are deployed. Although there is a decrease in the total required shifts that should 

be deployed by nurses of 182 shifts, the decrease is quite small (0.5%). This is due to fact that the 

EBS values for a certain cluster and a certain ward are fairly close to each other. The scenario 

parameters represent the percentage of shifts within a cluster that the required nursing hours are 

covered. First the parameter value for DNs is considered, followed by parameter values for FFNs and 

FNRs. However, as EBS values are fairly close to each other, DNs already cover a large part of the 

requirements even though the percentage for this scenario parameter is very low.  

Next to the comparison of the number of shifts for the current and the model policy, the policies can 

also be compared on other indicators. In order to enable the comparison of other indicators, the 

simulation model is run based on the current policy, i.e. the day formations of the planning policy in 

2014 are used as input for the model, butterflying is allowed, and one nurse is available for ad hoc 

deployment, which can only be deployed on the surgery wards. Flexible deployment forms are 

disabled and care burden is not taken into account as day formations are used as input for the model 

instead of the EBS modelling results. According to the simulation model with (fictitious) costs, the 

total costs per year for the current policy are €11,922,679.00. These costs decrease to 

€11,130,532.00 in case the model policy with flexible staffing is used, which is a decrease of about 

€800,000.00. In addition, the average numbers for overstaffing and understaffing are calculated for 

both policies. The current policy leads to 1494 nurses understaffed and 1612 nurses overstaffed. For 

the model policy including flexible staffing, these numbers decrease to 113 nurses understaffed and 

543 nurses overstaffed, which respectively is a decrease of 92.4% and 66.3%. 

In addition, the deployment of nurses is investigated for the new situation in 2016 due to several 

developments in 2015. The first development is the substantial decrease in average hospital LOS and 

the second development is the merge of the wards B2W1 (i.e. the short stay ward) and B2W2 into 

one ward, which will be realized at the end of 2015. The reason for this merge is a new procedure for 

orthopedics. The majority of patients on B2W2 are orthopedic patients for whom this new procedure 

will be used. In order to investigate the effect of these two developments, the model is run with 

adjusted data of 2014 to reflect these developments. Within the original dataset, the hospital LOS per 

patient is decreased by 8.54% and the ward indications of patients originally located at B2W2 are 

changed into B2W1. By decreasing the LOS of a patient, the discharge date of a patient has to be 

adjusted. This leads to other values for the EBS indicator for ADT activities as well. In addition, the 

LOS values of patients on B2W2 are replaced by multiplying the original LOS by the percentage 

difference between the average LOS on B2W1 and the average LOS on B2W2. The decreased LOS will 

lead to a little increase in the total required nursing hours, as the LOS is a negative predictor in the 

EBS models. Because this predictor is negatively related to the required nursing hours, a decreased 

LOS will have a smaller decrease in total required nursing hours than the larger, original LOS. 

However, the little increase in total required nursing hours due to the LOS decrease is offset by the 

decreasing effect of the merge of two wards. As confirmed in the literature, larger wards lead to 

economies of scale (Kortbeek et al., 2015; Bruin et al., 2007). Economies of scale allow for more 

efficient capacity use and therefore less nurses per shift are required in the new situation compared 

to the situation with two separated wards. Simulation of the new situation by using the developed 

model indicates that the total requirements within the new situation are 33,928 shifts on which 

nurses should be deployed. 
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6.5 Size of the flex pool  

The size of the flex pool is determined on the one hand by the requirements for flex nurses within the 

basic roster to cope with fluctuations in patient care demand and on the other hand by the amount 

of sick leave, since flex nurses capture this leave. As indicated in the section 6.1.3, long-term leave is 

not incorporated in the model. However, flex nurses capture this leave as well and therefore the 

amount of long-term sick leave and pregnancy leave is calculated. Nurses with sick leave of more 

than 28 days, including nurses with pregnancy leave, are selected. For these nurses, the number of 

sick leave days are calculated. Although the date of recovering is for some nurses in 2015 and we 

only want to consider the sick leave of 2014, these dates of recovering are not adjusted as sick leave 

data of 2013 is not available. We assume that the sick leave that ended in 2015 and started in 2014 

is equal to the sick leave that ended in 2014 and started in 2013. From the dataset with contractual 

information of nurses, the number of shifts that would normally have been worked by a nurse can be 

obtained. Combining the sick leave data with the contractual data leads to the total number of shifts 

that must be captured by flex nurses due to long-term sick leave. This number is 3,505 shifts a year.  

Additionally, the requirements for flex nurses to cope with fluctuating care demand are calculated. 

For this purpose, the number of flex nurses planned within the basic roster is used instead of the 

average number of actual deployed flex nurses. This provides the maximum number of required 

shifts for flex nurses. The number of flex nurses that should be planned on a shift within a certain 

cluster according to the basic rosters (Table 18) is multiplied by the number of shifts within that 

cluster. E.g. for a shift in the cluster ‘3 Day Week’, five flex nurses should be planned. As this cluster 
covers 62 shifts a year, the total number of flex nurses that should be planned is 310 nurses a year in 

favor of this cluster. Summarizing these multiplications for all clusters leads to the conclusion that 

flex nurses should be available for 3,634 shifts. Therefore, the total number of shifts that flex nurses 

must be able to cover is 7,139 shifts a year.   

Based on this number shifts, the number of required FTE of flex nurses can be calculated. The gross-

net factor indicates that an FTE consists of 1,878 gross hours, from which 1,542 hours are net 

working hours. Multiplying the number of shifts with eight (i.e. the number of hours per shift) and 

dividing by the number of net hours of one FTE, provides the number of required flex nurses: 37 FTE. 

Figure 14 shows the number of nurses within the flex pool in relation to the service level, i.e. the 

percentage that sufficient nurses are available to satisfy the demand for flex nurses. 

 

Figure 14 - Service level and size of the flex pool 

The number of 37 FTE should be used as a guideline and not as a firm requirement. Based on expert 

opinion, the sick leave in 2014 was quite high. In addition, the calculation for required flex nurses 
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based on the basic roster is established on the number of flex nurses that should be planned within 

the basic roster. When this calculation is based on the average of flex nurses that would be actually 

deployed, the total number of required flex nurses would be 34 FTE.  

Besides, the required number of FTE flex nurses can be specified for different period clusters. As the 

demand for flex nurses differs between clusters (Table 18), it is interesting to investigate to which 

extent the required number of FTEs varies between period clusters. It is assumed that the required 

number of FTEs per period cluster can be calculated by summarizing the required number of FTEs 

per shift type (i.e. day, late or night shift) within that period cluster, separately for weekdays and 

weekend days. Table 20 shows these number of FTEs. Period cluster 4 is not included as this cluster 

covers only three days a year and the requirement for flex nurses is negligible.  

Table 20 – Required number of FTE per period cluster per week or weekend 

Period Required FTE of flex nurses (per year) 
1 Week 2.3 

1 Weekend 0.2 
2 Week 8.9 

2 Weekend 2.5 
3 Week 3.9 

3 Weekend 1.1 
 

In addition to research on the number of FTE flex nurses, the relation between the size of the flex 

pool and the volume of dedicated nurses can be investigated. Based on the day formations of the 

planning policy in 2014, 195 FTE dedicated nurses are required. The modelling results on the 

requirements for dedicated nurses and for the average deployment of flex nurses indicate that 

respectively 179 FTE and 15 FTE are required (required FTEs for long-term sick leave disregarded). 

This leads to a total of 194 FTE, which is a reduction of one FTE. However, we must be careful with 

this conclusion. As 2014 progressed, some flex nurses were already deployed which are not taken 

into account in the 195 FTE based on the day formations. Moreover, the calculated FTEs assume that 

all shifts are covered, but the feasibility of individual rosters of nurses is not taken into account. While 

considering this feasibility, the number of FTEs will be higher than the number of FTEs that just 

covers all shifts. 
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7 Discussion 
In this discussion, the results obtained in the previous sections are evaluated and possible causes or 

consequences of the results are provided. The first point of interest has to do with the obtained basic 

rosters as provided in Table 18. For four of the 21 clusters, no flex is included within the basic roster. 

As explained, this can be due to the EBS values: if there is little variation between EBS values within 

a cluster, the requirements for nurses within that cluster is already fulfilled with the deployment of 

DNs even though a low parameter value for DNs is used. However, from a practical perspective it is 

suboptimal to use basic rosters with no flexible nurses included. In case the nurses planned according 

to the basic roster cannot foresee in the actual required nursing hours for a particular ward, this will 

directly lead to butterflying, ad hoc deployment, or even quality loss, regardless on which ward the 

shortage arises. Including flex nurses within the basic roster can cope with such a shortage regardless 

on which ward the shortage arises. Therefore incorporating at least one flex nurse within each basic 

roster should be considered. In that case, the clusters without flex nurses should diminish the basic 

roster for one of the wards with a dedicated nurse (take into account the constraint that always at 

least two dedicated nurses should be deployed per ward) and add a flex nurse to these basic rosters.  

In addition, the influence of butterflying and the number of NAADs is investigated. The results show 

that butterflying occurs more often if it is possible to butterfly between all wards instead of 

butterflying between diagnostic wards and surgery wards separately. Butterflying prevents for less 

desirable outcomes as ad hoc deployment or quality loss. Therefore more butterflying decreases the 

costs that are attached to forms of flexibility deployment based on the desirability. However, 

butterflying between all wards means that nurses must be able to work on more different wards. It 

takes time to learn where resources are located on a ward and possibly processes differ over the 

wards leading to the requirement for more education or more orientation time. Moreover, butterfly 

nurses may prefer to butterfly only within the ward block (i.e. diagnostics or surgery) that their ward 

belongs to as these wards are more similar Assuming that butterfly nurses prefer to stay on their 

own ward (otherwise they would probably become flexible nurses), butterflying within own ward 

blocks can be preferable from a nurses’ perspective. The decision of butterflying over all wards 

should be weighed against these consequences. For the number of NAADs, the deployment of NAADs 

equal for all clusters is evaluated as well as the deployment of NAADs specified to the shift type (day, 

late or night shift). It is possible to evaluate even more specifically, e.g. to each unique cluster, but the 

practical desirability of a continuous alternating number of NAADs per cluster should be considered. 

Moreover, it should be evaluated from a nurse perspective what they think of being deployed as 

NAAD in relation to the frequency of actual deployment.   

Besides, the model robustness of the model is examined by a sensitivity analysis on the cost 

parameter values. As a very few scenarios differ for a change in cost parameters, the model seems to 

be quite robust. Nevertheless, the comparison of two similar runs of the model (Figure 12) shows 

that about half of the scenario parameters values are equal between the two runs but there are some 

obvious exceptions. This can be due to the fact that for small clusters, e.g. period cluster 4 which only 

counts three days, it is possible for different scenarios to have equal lowest costs. If for larger clusters 

the scenario parameter values differ, this indicated the model is somewhat sensitive for the day 

realizations that are randomly selected. 

Comparing the planning policy of 2014 with the planning policy that is applied to the simulation 

model, the results show a small decrease in the number of shifts that should be worked by nurses. 

Consequently, the total decrease in number of FTE is small as well. This is due to the same reason as 
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explained in the first paragraph of this section: the little variation in EBS values within a cluster. This 

reasoning also implies that the flexible deployment is probably not yet utilized to its full potential. 

However, the developed model with EBS values as input and with flexible staffing forms included, 

certainly lead to better alignment of nurse staffing with patients’ care demand. This is shown by the 

substantial decrease of overstaffing and understaffing. Finally, the differentiation of required FTE 

flex nurses to periods clusters shows that during period cluster 2 more FTEs are required than in 

other period clusters. The relation between flex and non-flex deployment of nurses and the 

interchangeability of these two should be considered. E.g. if in a certain period above average flex 

nurses are required while during that same period the required number of dedicated is below 

average, it is interesting to investigate the potential and consequences of deploying dedicated nurses 

on flex basis during such a period.  

  



47 

8 Conclusions and recommendations 

8.1 Conclusions 

For the conclusion of this research, we go back to the research question as defined in section 1.2. As 

indicated, the research can be divided into two parts: the determination of the required nurse staffing 

levels to satisfy patients’ care demand and the research on the flexible deployment of nurses in order 

to respond to fluctuations in patient care demand. These parts will separately be discussed in this 

section, after a brief conclusion on the baseline situation.  

To investigate the integration of flexible deployment forms within the NSPs, a case study at 

Bernhoven is performed. The fixed day formations maintained by Bernhoven indicate that 

fluctuations in the number of patients and differences in care burden between patients are not taken 

into account. This is confirmed by examining the realized n-p ratios per shift per ward: the number 

of patients assigned to one nurse fluctuates for similar shifts, leading to the conclusion that the 

current practice of nurse planning is suboptimal. Better alignment of nurse staffing with patients’ 

care demand can be obtained by including care burden and flexible staffing.  

What are required nurse staffing levels to satisfy patients’ care demand? In order to answer this 
question, first the parameters by which demand and supply can be aligned are identified by means 

of MLRA. The significance of EBS indicators within the MLRA are examined and the most important 

indicators for care burden are respectively the indicators for average patient census, LOS, ADT, and 

IC. The influence of the EBS indicators number of DBCs and percentage of patients above 70 years 

seems to be negligible. The significant EBS indicators together with the significant dummy variables 

for the wards, constitute the EBS models. For each shift (day shift, late shift, and night shift), and for 

both weekdays and weekend days, a separate EBS model is established. This results in six different 

EBS models that can be used to calculate the required nursing hours for a certain shift. In addition, 

period clustering analysis leads to four different period clusters (Table 21).  

Table 21 - Period clusters 

Cluster Periods within cluster 
1 January, Carnival holiday, February 
2 March, April, June, July, August, September, October, November, December, Ascension 

weekend, Christmas holiday wk1, Christmas holiday wk2 
3 May, Pentecost, Liberation day, Easter, Ascension day, May holiday, Autumn holiday, 

Summer holiday wk1, Summer holiday wk2, Summer holiday wk3, Summer holiday wk4, 
Summer holiday wk5, Summer holiday wk6, Week after May holiday 

4 New year’s day, Christmas 
 
Combining these clusters with the six EBS models, results in 21 unique clusters. Because of limited 

data, i.e. just data of one complete year, no weekend days are available for the small period cluster 

(the cluster including New Year’s day and Christmas days). Based on historical data, for each unique 

cluster the average nursing requirements can be obtained. The requirement of nursing hours per 

shift is constrained by the minimum of two nurses per shift per opened ward, regardless the number 

of patients or the care burden of these patients. The average required nurse staffing levels to satisfy 

patients’ care demand can be found in Table 14. 
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How should flexible staffing be organized to respond to fluctuations in patient care demand? 

Because of the collaboration with Bernhoven, the strategy of this organization is taken into account 

while answering the research questions. The strategy of Bernhoven concerning flexible staffing 

includes the following elements: basic day formations on which dedicated nurses and fixed flexible 

nurses are planned, butterflying, and peak-illness shifts for ad hoc deployment of flex nurses. In this 

research, these elements are used as input for the simulation of flexibility scenarios and 

supplemented with the concept of flex nurses planned with reservations. These nurses can be 

cancelled during the period between the realization of the month planning and the actual day, based 

on intermediate forecast adjustments. Cancellation of these nurses on the day itself is possible as 

well, but against higher (fictitious) costs as this option is less desirable.  

A model is developed to evaluate different flexibility scenarios. In order to select the most optimal 

flexibility scenario, result indicators are defined to which (fictitious) costs are attached. The result 

indicators consider the deployment forms (e.g. butterflying, fixed flexible staffing), cancellations (e.g. 

intermediate cancellations of nurses planned with reservations), and final states if no deployment 

form or cancellations are possible anymore (understaffing or overstaffing). The optimal scenario per 

cluster is identified by selecting the scenario with the lowest costs. The optimal scenarios provide 

basic rosters with the number of dedicated nurses per ward and the number of flex nurses that 

should be planned. It can be concluded that the number of flex nurses, as well as the number of flex 

nurses relative to the total number of nurses per cluster, differs per cluster. The total number of shifts 

that should be deployed by nurses decreases by 0.5% when comparing the model results with the 

current planning policy of Bernhoven. Running the model with the current planning policy as input 

and comparing these results with the results of the model that includes EBS values and flexibility 

scenarios, a (fictitious) cost saving of about €800,000.00 can be obtained and the occurrences of 

understaffing and overstaffing significantly decrease, respectively with 92.4% and 66.3%. 

For the concept of butterflying can be concluded that butterflying between all wards is more 

desirable than butterflying between diagnostic wards and surgery wards separately. In case of 

butterflying between all wards, the average realization of butterflying is about two times higher than 

for separate butterflying. The alternative of butterflying is ad hoc deployment or quality loss of care 

which are both less desirable. For nurses available for ad hoc deployment (NAAD), a trade-off curve 

is obtained. This curve indicates that if the costs for one NAAD are a factor 5.3 smaller than the cost 

difference between quality loss and ad hoc deployment, one NAAD is advantageous from a (fictitious) 

cost perspective. In addition, sensitivity analysis on the cost parameters show that the model is quite 

robust to changes in the values of the cost parameters. Finally, the size of the flex pool for certain 

service levels is determined. Based on the basic rosters obtained by simulation and based on the long-

term sick leave which flex nurses will capture, the flex pool should consists of 37 FTE to completely 

satisfy the demand for flex nurses. 

Summarizing, this research shows how different flexible deployment forms can be integrated in a 

nurse planning policy and the consequences of such an integration compared to nurse planning 

policies without flexible deployment. Although known statistical methods are used by developing the 

simulation model, this model is a new model that contributed to the science at the intersection of 

flexible staffing and traditional nurse planning policies without flexible staffing.   
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8.2 Managerial recommendations 

In this section, recommendations for Bernhoven are provided. With regard to this research, 

Bernhoven is advised to deploy the flex nurses as indicated within the basic rosters, obtained from 

the most optimal flexibility scenarios. The dashboard, of which a preview is given in Figure 15, can 

be used as a tool for creating the month planning and provides the basic rosters of each cluster. As 

the planning policy as applied in the simulation model was used within 2014, this would have saved 

182 shifts compared to the planning policy in 2014 with the static day formations. Within 2016, 

savings will be even larger due to the LOS decrease in combination with the ward merge in 2015. 

Note that although the EBS models and simulation model are validated, we must be careful with the 

results as these are based on the historical data of only one year. The use of more data within the 

models will provide more robust results.  

 

Figure 15 - Dashboard 

Although the total number of nurses decreases while implementing the policy of the simulation 

model, the number of required flex nurses increases. Bernhoven should recruit additional flex nurses 

for the flex pool as the current flex pool consists of about 20 FTE while 37 FTE would satisfy all 

demand for flex nurses if the situation of 2014 is representative for the future. As the developments 

within 2015 will lead to the situation of 2016 as described and simulated, 31 FTE flex nurses are 

required.  These flex nurses can be recruited internally as well as externally.  

Furthermore, enhanced administration within the information systems is recommended. Within the 

Harmony database with the realized nursing hours, the remarks indicating the activities during a 

shift or the characterization of a shift (e.g. meetings, education, introduction shifts for new 

employees, regular shifts) are not unanimously coded. Although some remarks are very common, a 

lot of remarks are customized, leading to a large amount of unique remarks. This complicates the use 

of this data for analysis and can be improved by allowing for just a restricted number of standard 

remarks. In addition, different characterizations are given within the payroll administration system 

Profit to determine the qualification of an employee (function description, cost center description, 

and profession), while none of these characterizations exactly resembles the terms used in practice 

for the qualification of an employee. A similar characterization within the database and in practice 
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will ease data analysis and enables transparent communication. As a new qualification 

characterization is introduced to use in practice, the ABCD qualifications, it is recommended to add 

this qualification characterization to Profit.   

Besides, in case Bernhoven will not implement the concept of ‘flex nurses planned with reservations’, 

a withdraw limit should be imposed on the availability list of flex nurses for ad hoc deployment. 

Currently, flex nurses can withdraw at any time regardless the number of nurses that stay available 

for ad hoc deployment. Although not often a lack of flex nurses arises in practice, it is desirable to 

restrict this withdrawal by design. A limit on the availability list resembles the limits at which flex 

nurses planned with reservations are cancelled. In case of the availability list, nurses are not planned 

already but can only withdraw until a certain limit is reached, while flex nurses planned with 

reservations are planned already but can be cancelled if the intermediate forecast shows that some 

of these nurses will be redundant. The concept of flex nurses planned with reservations is 

recommended over the concept with the availability list. In the first case a specific number of flex 

nurses know they will possibly work but can be cancelled, while in the latter case, when many nurses 

stay available, it can remain unclear until the start of the day which flex nurses will work.   

8.3 Future work 

In this research a model is developed for flexible staffing. The general applicability of the model 
provides opportunities for extensions and modifications. Possible options are: 

 Include qualifications of dedicated nurses and flex nurses and the requirements for these 

qualifications per ward per shift 

 Consider multiple smaller flex pools for separate ward clusters instead of one flex pool for the 

entire hospital 

 Allow for different or multiple intermediate revision periods of the planning, e.g. a rolling 

horizon  

 Consider different numbers of nurses available for ad hoc deployment for different period 

clusters instead of a general number of these nurses regardless the shift characteristics 

The developed model can be used for strategic and tactical decision making, e.g. decisions concerning 

the size of the flex pool or the number of flex nurses that should be planned within the month 

planning. It would also be interesting to develop a model that simultaneously considers the 

operational level (i.e. the individual (flex) nurse to shift assignment). Subsequently, the number of 

required FTEs can be calculated more specific. Besides, it would be interesting to investigate the 

interchangeability of dedicated and flex nurses, including the willingness of nurses. For instance, if in 

certain periods the demand for flex nurses is significantly higher than in other periods while in that 

period the demand for dedicated nurses is significantly lower than in other periods, it can be 

beneficial to deploy dedicated nurses as flex nurses.  

Furthermore, this research was focused on nurses, but possibly flexible staffing can be applied to 

other professions as well. It can be studied to which extent a simulation model as developed in this 

study is applicable to e.g. physicians or cleaners, or to which extent it is useful in other sectors. It 

should also be interesting to investigate the potential of developing a flex pool outside the boundaries 

of one hospital, although we must not confuse this with an employment agency. Sharing resources 

between a few hospitals (or other healthcare organizations) can lead to additional benefits due to 

economies of scale. However, these benefits should be weighed against the practical implications of 

nurses that should be even more flexible.  
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This research considers patient care demand by including care burden, but no distinction is made 

between characteristics or condition of nurses. Probably this can even improve the alignment of care 

and demand as some nurses will be able to care for more patients than others, e.g. depending on age.   

Finally, specialized knowledge is important for patient-oriented care. Flexible deployment leads to 

more efficient resource utilization, but we should ensure that we not compromise on specialized 

knowledge and ensure a proper balance of specialized knowledge among nurses and physicians, as 

patient-oriented care is increasingly important.  
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Appendices 

 

Appendix A 

*This project focuses on the wards, which are indicated with the grey rectangle. 

Figure 16 - Organization chart Bernhoven 
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Appendix B 

Inefficient 
nurse staffing

Supplier

Surrounding

System

Skill

High workload

Nurse shortages

Suboptimal flex pool

Appropriate size 
flex pool unknown

Appropriate size 
flex layer unknown

Current match demand 
and supply unknown

No integral planning

Nurses feel unsafe
on another ward
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specialization / continuity

Much fluctuations (elective) 
patient demand

No objective measurement
care burdenNurse staffing 

based on beds Care quality, patient 
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nurse satisfaction, 
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Figure 17 - Ishikawa diagram: the problem of inefficient nurse staffing 

Appendix C 

 
The number of unique DBC codes per ward 
 

Ward Count of patients (2014)  Count of first 80% of the 

patients (sorted on most 

common DBC codes) 

Count of unique DBC 

codes of this 80% of the 

patients  

A1 16874 13499 66 

B1O 2237 1790 32 

B1W 3158 2526 53 

B2O 2801 2241 13 

B2W1 5608 4486 72 

B2W2 1930 1544 48 

B3O 3635 2908 50 

B3W 3292 2634 56 
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Appendix D 

EBS model plots for assumption testing. 
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Appendix E 

A more in depth  
conceptual  
representation of the  
scenario simulation 
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Appendix F 

In this appendix, the two most important VBA codes are provided: the code for the simulation of 

flexibility scenarios and the code for the determination of the minimum costs per unique cluster, i.e. 

the selection of the optimal scenario per unique cluster.   

F.1 Simulation planning and day realizations 
Sub BackgroundRuns() 

 

'Define worksheets 

Dim BR As Worksheet 

Dim BgS As Worksheet 

Dim DS As Worksheet 

Dim RBS As Worksheet 

Dim Dashboard As Worksheet 

Dim Sc As Worksheet 

Dim Sl As Worksheet 

 

Set BR = Worksheets("BasicRosters") 

Set BgS = Worksheets("BackgroundSheet") 

Set DS = Worksheets("DataShifts") 

Set RBS = Worksheets("ResultsBckgSh") 

Set Dashboard = Worksheets("Dashboard") 

Set Sc = Worksheets("Scenarios") 

Set Sl = Worksheets("Sickleave") 

 

'Define variables 

Dim i As Long 'row in BasicRosters 

Dim j As Long 'row in ResultBckgSh 

Dim k As Long 'row in Scenarios 

Dim v As Long 'row in Sickleave 

Dim g As Long 

Dim F As Long 

Dim F_a As Long  

Dim Fm As Long 

Dim Fm_a As Long  

Dim Ft As Long 

Dim N As Long 

Dim d As Long 

Dim cluster As String 

Dim shift_max As Long 

Dim shift_min As Long 

Dim total_req As Long 

Dim z As Long  

Dim freq As Double  

Dim freq_shifts As Long 

Dim iptd As Long  

Dim dif As Long  

Dim cFm As Long  

Dim cF As Long  

Dim shift As String 

Dim cs As Long  

Dim es As Long  

Dim rs As Long  

Dim rs_assign As Long 
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'Variables for solving the rounding issue 

Dim planned_N As Long 

Dim cnt_candidates As Long 

Dim selected_candidate As Long 

Dim selected_candidate_column_no As Long 

 

'Variables for selecting realized days 

Dim datashift_candidates_cnt As Long 

Dim datashift_selected_candidate As Long 

Dim ds_i As Long 'row number of the selected candidate 

Dim ds_j As Long 'row number of the realized day 

Dim datashift_candidates_cnt_nrloops As Long 

 

'Variables for assigning flex 

Dim cnt_candidates_F As Long 

Dim selected_candidate_F As Long 

Dim selected_candidate_column_no_F As Long 

Dim required_F As Long 

 

'Variables for butterflying 

Dim b_req As Long 

Dim b_over As Long 

Dim cnt_candidates_breq As Long 

Dim cnt_candidates_bover As Long 

Dim selected_candidate_breq As Long 

Dim selected_candidate_bover As Long 

Dim selected_candidate_column_no_breq As Long 

Dim selected_candidate_column_no_bover As Long 

Dim bfBS As String 

 

'Variables for on call 

Dim OC As Long 

Dim OC_req As Long 

Dim cnt_candidates_OC As Long 

Dim selected_candidate_OC As Long 

Dim selected_candidate_column_no_OC As Long 

 

DS.Range("AP2:AP10929").ClearContents 

RBS.Range("A2:K100000").ClearContents 

RBS.Range("M2:Z100000").ClearContents 

j = 2 

 

For i = 2 To 22 

 

    cluster = BR.Cells(i, 1).Value 

    shift = BR.Cells(i, 3).Value 

 

    For k = 2 To 2521 

        If Sc.Cells(k, 1) = cluster And Sc.Cells(k, 2) <> 0.3 Then 

                 

                'determine F and Fm per scenario 

                F = Round(Sc.Cells(k, 15) / 8, 0) 

                Fm = Round(Sc.Cells(k, 16) / 8, 0) 

                                   

                BgS.Range("B2:I2").ClearContents 

                BgS.Range("B7:I7").ClearContents 

                BgS.Range("B8:I8").ClearContents 
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                BgS.Range("B11:I11").ClearContents 

                BgS.Range("B17:I17").ClearContents 

                BgS.Range("B20:I20").ClearContents 

                BgS.Range("B29:I29").ClearContents 

                 

                BgS.Calculate 

                         

                'determine N’s per ward (based on ratios to other wards) 

                For z = 0 To 7 

                    BgS.Cells(2, 2 + z) = Sc.Cells(k, 7 + z) 

                Next z 

                 

                'write rounded value in row 7 

                For z = 0 To 7 

                    If Sc.Cells(k, 7 + z) > 0 Then 

                        If Round(Sc.Cells(k, 7 + z) / 8, 0) < 2 Then 

                            BgS.Cells(7, 2 + z) = 2 

                        Else 

BgS.Cells(7, 2 + z) = Round(Sc.Cells(k, 7 + z) / 8, 

0) 

                        End If 

                    Else 

                        BgS.Cells(7, 2 + z) = 0 

                    End If 

                Next z 

                 

                BgS.Calculate 

                N = BgS.Cells(7, 10).Value 

         

                'Write current UniqueCluster to DataShifts sheet and 

calculate candidates 

                DS.Range("AB1").Value = cluster 

                DS.Range("AB1:AC10930").Calculate 

                 

                'Determine number of candidates and determine how many 

candidates to consider 

                datashift_candidates_cnt = DS.Range("AC1").Value 

                 

                If datashift_candidates_cnt > 50 Then 

                    datashift_candidates_cnt_nrloops = 50 

                Else 

    datashift_candidates_cnt_nrloops = datashift_candidates_cnt 

                End If 

                                                        

                For d = 1 To datashift_candidates_cnt_nrloops 

                 

                    BgS.Range("B8:I8").ClearContents 

                    BgS.Range("B11:I11").ClearContents 

                    BgS.Range("B17:I17").ClearContents 

                    BgS.Range("B20:I20").ClearContents 

                    BgS.Range("B29:I29").ClearContents 

                                 

                    DS.Range("AB1:AP10930").Calculate 

                     

                    'Determine number of candidates 

                    datashift_candidates_cnt = DS.Range("AC1").Value 
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                    'Pick a candidate 

                    Randomize 

  datashift_selected_candidate =      

Int((datashift_candidates_cnt) * Rnd) + 1 

                     

                    'Get row number of this candidate 

                    ds_i = 

Application.WorksheetFunction.Match(datashift_selected_candidate, 

DS.Range("AB2:AB10930"), 0) 

                     

                    'Write the date of the selected candidate to the 

DataShifts sheet and calculate which rows match 

                    DS.Range("AE1").Value = DS.Cells(1 + ds_i, 10).Value 

                     

                    DS.Range("AG2:AN10930").Calculate 

                     

                    freq = 0 

                    'Get forecast value of each department for over a week 

                    For z = 0 To 7 

                        ds_j = Application.WorksheetFunction.Match(1, 

Range(DS.Cells(2, 33 + z), DS.Cells(10930, 33 + z)), 0) 

                        If DS.Cells(1 + ds_j, 56) <> "" Then 

                        freq_shifts = Round(DS.Cells(1 + ds_j, 56) / 8, 0) 

                        freq = freq + freq_shifts 'forecast required nurses 

                        End If 

                    Next z 

                         

                    'Get the forecast value for sick leave 

                    For v = 2 To 1096 

  If DS.Range("AE1") = Sl.Cells(v, 1) And shift =   

Sl.Cells(v, 2) Then 

                        cs = Sl.Cells(v, 6) 

                            If shift = "Day" Then 

                            es = 2 

                                Exit For 

                            ElseIf shift = "Late" Then 

                            es = 1 

                                Exit For 

                            ElseIf shift = "Night" Then 

                            es = 0 

                                Exit For 

                            End If 

                        End If 

                    Next v 

                                         

                    'Determine how many nurses should be cancelled already 

                    iptd = N + F + Fm 

                    dif = iptd - freq - es 

                    cFm = 0 

                    cF = 0 

                    If dif > 0 Then 

                        If dif <= Fm Then 

                            cFm = dif 

                            Fm_a = Fm - dif 

                            F_a = F 

                        ElseIf dif > Fm And dif - Fm <= F Then 

                            cFm = Fm 
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                            cF = dif - Fm 

                            Fm_a = 0 

                            F_a = F - (dif - Fm) 

                        ElseIf dif > Fm And dif - Fm > F Then 

                            cFm = Fm 

                            cF = F 

                            Fm_a = 0 

                            F_a = 0 

                        End If 

                    ElseIf dif <= 0 Then 

                            Fm_a = Fm 

                            F_a = F 

                    End If 

                    BgS.Cells(2, 16) = cFm 

                    BgS.Cells(3, 16) = cF 

                     

                    'Assume one week later; day realization 

                    'Get the EBS model value of each department and write it 

to the BackgroundSheet 

                    For z = 0 To 7 

                        ds_j = Application.WorksheetFunction.Match(1, 

Range(DS.Cells(2, 33 + z), DS.Cells(10930, 33 + z)), 0) 

                        If DS.Cells(1 + ds_j, 59) <> "" Then 

BgS.Cells(8, 2 + z).Value = DS.Cells(1 + ds_j, 

59).Value 

                        ElseIf DS.Cells(1 + ds_j, 59) = "" Then 

                        BgS.Cells(8, 2 + z).Value = 0 

                        End If 

                        DS.Cells(1 + ds_j, 42) = 1 

                    Next z 

                     

                    BgS.Calculate 

                     

                    rs = 0 

                    'Assign sick leave 

                    r = Int((100 - 0 + 1) * Rnd + 0) 

                    If cs = 0 And shift = "Day" Then 

                         

                            If 0 <= r And r <= 7 Then 

                            rs = 0 

                            ElseIf 7 < r And r <= 47 Then 

                            rs = 1 

                            ElseIf 46 < r And r <= 95 Then 

                            rs = 2 

                            ElseIf 95 < r And r <= 99 Then 

                            rs = 3 

                            ElseIf 99 < r And r <= 100 Then 

                            rs = 4 

                            End If 

                    ElseIf cs = 1 And shift = "Day" Then 

                         

                            If 0 <= r And r <= 6 Then 

                            rs = 0 

                            ElseIf 6 < r And r <= 43 Then 

                            rs = 1 

                            ElseIf 43 < r And r <= 94 Then 

                            rs = 2 
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                            ElseIf 94 < r And r <= 99 Then 

                            rs = 3 

                            ElseIf 99 < r And r <= 100 Then 

                            rs = 4 

                            End If 

                    ElseIf cs = 2 And shift = "Day" Then 

                         

                            If 0 <= r And r <= 5 Then 

                            rs = 0 

                            ElseIf 5 < r And r <= 39 Then 

                            rs = 1 

                            ElseIf 39 < r And r <= 92 Then 

                            rs = 2 

                            ElseIf 92 < r And r <= 98 Then 

                            rs = 3 

                            ElseIf 98 < r And r <= 100 Then 

                            rs = 4 

                            End If 

                    ElseIf cs = 3 And shift = "Day" Then 

                         

                            If 0 <= r And r <= 4 Then 

                            rs = 0 

                            ElseIf 4 < r And r <= 35 Then 

                            rs = 1 

                            ElseIf 35 < r And r <= 90 Then 

                            rs = 2 

                            ElseIf 90 < r And r <= 98 Then 

                            rs = 3 

                            ElseIf 98 < r And r <= 100 Then 

                            rs = 4 

                            End If 

                    ElseIf cs = 4 And shift = "Day" Then 

                        

                            If 0 <= r And r <= 4 Then 

                            rs = 0 

                            ElseIf 4 < r And r <= 34 Then 

                            rs = 1 

                            ElseIf 34 < r And r <= 89 Then 

                            rs = 2 

                            ElseIf 89 < r And r <= 97 Then 

                            rs = 3 

                            ElseIf 97 < r And r <= 3 Then 

                            rs = 4 

                            End If 

                    ElseIf cs = 0 And shift = "Late" Then 

                  

                            If 0 <= r And r <= 21 Then 

                            rs = 0 

                            ElseIf 21 < r And r <= 85 Then 

                            rs = 1 

                            ElseIf 85 < r And r <= 99 Then 

                            rs = 2 

                            ElseIf 99 < r And r <= 100 Then 

                            rs = 3 

                            End If 

                    ElseIf cs = 1 And shift = "Late" Then 
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                            If 0 <= r And r <= 18 Then 

                            rs = 0 

                            ElseIf 18 < r And r <= 83 Then 

                            rs = 1 

                            ElseIf 83 < r And r <= 100 Then 

                            rs = 2 

                            End If 

                    ElseIf cs = 2 And shift = "Late" Then 

                

                            If 0 <= r And r <= 15 Then 

                            rs = 0 

                            ElseIf 15 < r And r <= 80 Then 

                            rs = 1 

                            ElseIf 80 < r And r <= 99 Then 

                            rs = 2 

                            ElseIf 99 < r And r <= 100 Then 

                            rs = 3 

                            End If 

                    ElseIf cs = 3 And shift = "Late" Then 

                 

                            If 0 <= r And r <= 13 Then 

                            rs = 0 

                            ElseIf 13 < r And r <= 77 Then 

                            rs = 1 

                            ElseIf 77 < r And r <= 99 Then 

                            rs = 2 

                            ElseIf 99 < r And r <= 100 Then 

                            rs = 3 

                            End If 

                    ElseIf cs = 0 And shift = "Night" Then 

                      

                            If 0 <= r And r <= 62 Then 

                            rs = 0 

                            ElseIf 62 < r And r <= 100 Then 

                            rs = 1 

                            End If 

                    ElseIf cs = 1 And shift = "Night" Then 

                  

                            If 0 <= r And r <= 58 Then 

                            rs = 0 

                            ElseIf 58 < r And r <= 100 Then 

                            rs = 1 

                            End If 

                    End If 

                     

                    BgS.Cells(29, 11) = rs 

                    BgS.Range("B29:I29").ClearContents 

                    If rs > 0 Then 

                        For g = 1 To rs 

                        r_assign = Int((8 - 1 + 1) * Rnd + 1) 

BgS.Cells(29, 1 + r_assign).Value = BgS.Cells(29, 1 + 

r_assign).Value + 1 

                        Next g 

                    End If 

                     

                    BgS.Calculate 
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                    'Assign flex 

                    Ft = F_a + Fm_a 

                    required_F = -(BgS.Cells(9, 10).Value) 

                     

                    RBS.Cells(j, 17) = Ft 

                     

                    Do While (Ft > 0) And (required_F > 0) 

                        BgS.Calculate 

                        cnt_candidates_F = BgS.Cells(10, 11).Value 

                         

                        BgS.Calculate 

                         

                        'Let's pick a candidate 

                        Randomize 

selected_candidate_F = Int((cnt_candidates_F) * Rnd) 

+ 1 

                                        

                        'Find location of the picked candidate 

                        selected_candidate_column_no_F = 

Application.WorksheetFunction.Match(selected_candidate_F, 

BgS.Range("B10:I10"), 0) 

                         

                        'Increase number of planned VPs of that column 

                        BgS.Cells(11, 1 + selected_candidate_column_no_F) = 

BgS.Cells(11, 1 + selected_candidate_column_no_F) + 1 

                         

                        'Recalculate 

                        BgS.Calculate 

                        required_F = -(BgS.Cells(9, 10).Value) 

                        Ft = Ft - 1 

                    Loop 

                     

                    cFm_a = 0 

                    Do While (Ft > 0) And (Fm_a > 0) 

                    cFm_a = cFm_a + 1 

                    Ft = Ft - 1 

                    Fm_a = Fm_a - 1 

                    Loop 

                     

                    BgS.Calculate 

                     

                    'Butterflying 

                    bfBS = Dashboard.Cells(7, 4).Value 

                    If bfBS = "Between all wards" Then 

                     

                            b_req = BgS.Cells(13, 11).Value 

                            b_over = BgS.Cells(14, 11).Value 

                             

                            Do While (b_req > 0) And (b_over > 0) 

                                cnt_candidates_breq = BgS.Cells(15, 11).Value 

                                     

cnt_candidates_bover = BgS.Cells(16, 11).Value 

                             

                                Randomize 

                                selected_candidate_breq = 

Int((cnt_candidates_breq) * Rnd) + 1 

                                Randomize 
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                                selected_candidate_bover = 

Int((cnt_candidates_bover) * Rnd) + 1 

                             

                                selected_candidate_column_no_breq = 

Application.WorksheetFunction.Match(selected_candidate_breq, 

BgS.Range("B15:I15"), 0) 

                                selected_candidate_column_no_bover = 

Application.WorksheetFunction.Match(selected_candidate_bover, 

BgS.Range("B16:I16"), 0) 

                             

                                BgS.Cells(17, 1 + 

selected_candidate_column_no_breq) = BgS.Cells(17, 1 + 

selected_candidate_column_no_breq) + 1 

                                BgS.Cells(17, 1 + 

selected_candidate_column_no_bover) = BgS.Cells(17, 1 + 

selected_candidate_column_no_bover) - 1 

                             

                                BgS.Range("B9:K17").Calculate 

                                 

                                b_req = BgS.Cells(13, 11).Value 

                                b_over = BgS.Cells(14, 11).Value 

                            Loop 

ElseIf bfBS = "Between diagnostic and surgery wards 

separate" Then 

                     

                            b_req = BgS.Cells(13, 12).Value 

                            b_over = BgS.Cells(14, 12).Value 

                             

                            Do While (b_req > 0) And (b_over > 0) 

                                cnt_candidates_breq = BgS.Cells(25, 11).Value 

  cnt_candidates_bover = BgS.Cells(26,11).Value 

                             

                                Randomize 

                                selected_candidate_breq = 

Int((cnt_candidates_breq) * Rnd) + 1 

                                Randomize 

                                selected_candidate_bover = 

Int((cnt_candidates_bover) * Rnd) + 1 

                             

                                selected_candidate_column_no_breq = 

Application.WorksheetFunction.Match(selected_candidate_breq, 

BgS.Range("B25:I25"), 0) 

                                selected_candidate_column_no_bover = 

Application.WorksheetFunction.Match(selected_candidate_bover, 

BgS.Range("B26:I26"), 0) 

                             

                                BgS.Cells(17, 1 + 

selected_candidate_column_no_breq) = BgS.Cells(17, 1 + 

selected_candidate_column_no_breq) + 1 

                                BgS.Cells(17, 1 + 

selected_candidate_column_no_bover) = BgS.Cells(17, 1 + 

selected_candidate_column_no_bover) - 1 

                             

                                BgS.Calculate 

                                 

                                b_req = BgS.Cells(13, 12).Value 

                                b_over = BgS.Cells(14, 12).Value 
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                            Loop 

                     

                            b_req = BgS.Cells(13, 13).Value 

                            b_over = BgS.Cells(14, 13).Value 

                             

                            Do While (b_req > 0) And (b_over > 0) 

                                cnt_candidates_breq = BgS.Cells(27, 11).Value 

                                

cnt_candidates_bover = BgS.Cells(28, 11).Value 

                             

                                Randomize 

                                selected_candidate_breq = 

Int((cnt_candidates_breq) * Rnd) + 1 

                                Randomize 

                                selected_candidate_bover = 

Int((cnt_candidates_bover) * Rnd) + 1 

                             

                                selected_candidate_column_no_breq = 

Application.WorksheetFunction.Match(selected_candidate_breq, 

BgS.Range("B27:I27"), 0) 

                                selected_candidate_column_no_bover = 

Application.WorksheetFunction.Match(selected_candidate_bover, 

BgS.Range("B28:I28"), 0) 

                             

                                BgS.Cells(17, 1 + 

selected_candidate_column_no_breq) = BgS.Cells(17, 1 + 

selected_candidate_column_no_breq) + 1 

                                BgS.Cells(17, 1 + 

selected_candidate_column_no_bover) = BgS.Cells(17, 1 + 

selected_candidate_column_no_bover) - 1 

                             

                                BgS.Calculate 

                                 

                                b_req = BgS.Cells(13, 13).Value 

                                b_over = BgS.Cells(14, 13).Value 

                            Loop 

                    End If 

                     

                    BgS.Calculate 

             

                    'Assign ad hoc 

                    OC = 1 

                    OC_req = -(BgS.Cells(18, 10).Value) 

                     

                    Do While (OC > 0) And (OC_req > 0) 

                        cnt_candidates_OC = BgS.Cells(19, 11).Value 

                         

                        Randomize 

selected_candidate_OC = Int((cnt_candidates_OC) * 

Rnd) + 1 

                        selected_candidate_column_no_OC = 

Application.WorksheetFunction.Match(selected_candidate_OC, 

BgS.Range("B19:I19"), 0) 

                         

                        BgS.Cells(20, 1 + selected_candidate_column_no_OC) = 

BgS.Cells(20, 1 + selected_candidate_column_no_OC) + 1 
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                        BgS.Calculate 

                         

                        OC_req = -BgS.Cells(18, 10).Value 

                        OC = OC - 1 

                    Loop 

                     

                    BgS.Calculate 

         

                    'Saving result at ResultBackgroundSheet 

                    RBS.Cells(j, 1) = cluster 

                    RBS.Cells(j, 2) = Sc.Cells(k, 17) 

                    RBS.Cells(j, 3) = DS.Range("AE1").Value 

                     

                    'Write Ns to ResultBackgrSheet 

                    For z = 0 To 7 

                        RBS.Cells(j, 4 + z).Value = BgS.Cells(7, 2 + z).Value 

                    Next z 

                                         

                    RBS.Cells(j, 13) = F 

                    RBS.Cells(j, 14) = Fm 

                    RBS.Cells(j, 15) = cFm 

                    RBS.Cells(j, 16) = cF 

                    RBS.Cells(j, 18) = BgS.Cells(11, 10)                             

                    RBS.Cells(j, 19) = RBS.Cells(j, 17) - BgS.Cells(11, 10) 

                    RBS.Cells(j, 20) = BgS.Cells(17, 10) 

                    RBS.Cells(j, 21) = BgS.Cells(20, 10) 

                    RBS.Cells(j, 22) = OC 

                    RBS.Cells(j, 23) = BgS.Cells(22, 10) 

                    RBS.Cells(j, 24) = BgS.Cells(23, 10) + Ft 

                    RBS.Cells(j, 30) = BgS.Cells(29, 10) 

                    RBS.Cells(j, 31) = cFm_a 

                     

                    j = j + 1 

                     

                    DoEvents 

                     

                Next d 'next day 

                 

                DS.Range("AP2:AP10930").ClearContents 

             

        End If 

    Next k 'next scenario 

Next i 'next cluster 

 

ActiveWorkbook.Save 

RBS.Calculate 

 

Call CostCalculation 

Call calcMinimums 

 

ActiveWorkbook.Save 

MsgBox ("Done!") 

 

End Sub 
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F.2 Minimal costs determination 
Sub calcMinimums() 

 

Dim totalCost(1 To 365, 1 To 999) As Double 

Dim numberOfDays(1 To 365, 1 To 999) As Double 

Dim averageCost(1 To 365, 1 To 999) As Double 

Dim minCost(1 To 365) As Double 

Dim minN(1 To 365) As Double 

 

Dim wsRBS As Worksheet 

Dim wsMC As Worksheet 

Dim wsUC As Worksheet 

Dim rng As Range 

Dim r As Range 

Dim i As Integer 

Dim j As Integer 

Dim k As Long 

Dim l As Long 

Dim m As Long 

Dim IDdescr As String 

Dim Sc_ID As String 

 

Dim clusterNoStr As String 

Dim scenarioNoStr As String 

Dim clusterNo As Integer 

Dim N As Integer 

Dim intN As Integer 

Dim costs As Double 

 

Set wsRBS = Worksheets("ResultsBckgSh") 

Set wsMC = Worksheets("MinCosts") 

Set wsUC = Worksheets("UniqueClusterIDs") 

Set rng = wsRBS.Range("A2:Z365000") 

 

k = 2 

l = 2 

m = 2 

 

wsMC.Range("A2:G99999").ClearContents 

     

    'Attach unique cluster ID number to each row in RBS before min costs can 

be calculated 

    Do While wsRBS.Cells(m, 1) <> "" 

    IDdescr = wsRBS.Cells(m, 1).Value 

    Sc_ID = wsRBS.Cells(m, 27).Value 

    wsRBS.Cells(m, 26) = Application.WorksheetFunction.VLookup(IDdescr, 

wsUC.Range("A2:B22"), 2, False) 

    wsRBS.Cells(m, 28) = Application.WorksheetFunction.VLookup(Sc_ID, 

wsUC.Range("G2:H121"), 2, False) 

    m = m + 1 

    Loop 

 

For Each r In rng.Rows 

    clusterNoStr = r.Cells(1, 26).Value 

    scenarioNoStr = r.Cells(1, 28).Value 
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    If clusterNoStr = "" Then 

        Exit For 

    End If 

 

    clusterNo = CInt(clusterNoStr) 

    N = CInt(scenarioNoStr) 

    costs = r.Cells(1, 25) 

     

    totalCost(clusterNo, N) = totalCost(clusterNo, N) + costs 

    numberOfDays(clusterNo, N) = numberOfDays(clusterNo, N) + 1 

     

     

Next r 

 

For i = 1 To 365 

    For j = 1 To 999 

        If totalCost(i, j) <> 0 Then 

            averageCost(i, j) = totalCost(i, j) / numberOfDays(i, j) 

             

            If minCost(i) = 0 Then 

                minCost(i) = 9999999 

            End If 

             

            If averageCost(i, j) < minCost(i) Then 

                minCost(i) = averageCost(i, j) 

                minN(i) = j 

            End If 

             

            wsMC.Cells(k, 1).Value = i 

            wsMC.Cells(k, 2).Value = j 

            wsMC.Cells(k, 3).Value = averageCost(i, j) 

            k = k + 1 

             

        End If 

    Next j 

Next i 

 

For i = 1 To 365 

    If minCost(i) <> 0 Then 

        wsMC.Cells(l, 5).Value = i 

        wsMC.Cells(l, 6).Value = minN(i) 

        wsMC.Cells(l, 7).Value = minCost(i) 

        l = l + 1 

    End If 

Next i 

 

wsMC.Calculate 

 

End Sub 

 


