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Abstract 

Dutch health care is experiencing shortages of specialist nurses within hospitals. Relevant 

literature is pointing at several directions as the cause of the problem. Moreover the forecasts made 

for the height of the future shortages have been inconsistent. In the Netherlands, Advisory 

Committee’s Plan has created a method and a model the current shortages and forecast future 

shortages of specialist nurses. With these forecasts Advisory’s Committee’s Plan aims to reduce 

and solve the hospitals shortages in the Netherlands. Currently, data of four years has been 

collected, this has offered advantage to check the correctness of the forecasts as well as the factors 

influencing incorrect these forecast. From these data followed that forecasts of care shortages were 

too high and that a very positive and/or very negative mutation of the part-time factor has caused 

incorrect forecasts.  
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1 Introduction 

Dutch health care employees are experiencing a continuously increasing work pressure 

caused by unfulfilled shifts due to leaving personnel (Steenbergen & Weeda, 2019). Literature on 

the topic is also pointing in different directions explaining these shortages. (Verkaik, 2018) find 

that the small inflow of students being too low plays a crucial role in explaining the shortages. In 

(Vermeeren, 2018) it is found that employees leaving the profession or employer due to increasing 

workload, unhealthy work atmosphere, insufficient guidance at work, and salary are proposed as 

important factors for the forecasted shortage. The aforementioned factors are all on the supply side, 

on the demand side (Buchan &Aiken, 2008) report low fertility and an aging population as causes 

for the increased demand.  

 The experienced employee shortage is mainly observed among the specialist nurses 

(Visser, 2019), the so called the FZO-specialists (Capaciteitsorgaan, 2018). In 2014 Advisory’s 

Committee’s Plan, from now on referred to as ACP, forecasted that for the coming 6-8 years, with 

the current enrollment of students, that the future care demand should be fulfilled 

(Capaciteitsorgaan, 2014). Only a few years later,  (Kruif, 2018) reported that there will be a 

shortage of 125.000 health care employees in the Netherlands by 2022 if man power planning 

policies remain unchanged.  On the other hand, (Steenbergen & Weeda, 2019) stated that the 

shortage will  80.000 by the same year. The central government predicts a shortage of 55.000 by 

2022 on their site (Rijksoverheid 2019). However, the house of representatives has been critical 

towards the latter result since the since the calculation method created by ACP seems to cause the 

decreased forecasted shortages instead of the government policy.  

 

 Relevance 

ACP is responsible for the human resource planning of the Dutch health care 

(Capaciteitsorgaan, 2018). The organization also concerns itself with long-term quantitative 

forecasting of care supply and care demand of the FZO-specialists (Smits, Slenter & Geurts, 2010). 

With these forecasts ACP aims to reduce and solve the hospitals shortages in the Netherlands.  

Furthermore, these forecasts are used to provide an advice to the Minister of Health, Well-being 

and Sports and the health care sector about the required inflow of students and the capacity of 

students that can be educated (Capaciteitsorgaan, 2018).   
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Currently ACP has collected data over four years of fifteen different professions from 93 

hospitals  (Capaciteitsorgaan, 2018). The advantages of these data are that the predictions made of 

the behavior of the care demand and supply in 2016-2018 can be compared to the actual care 

demand and supply in the period 2017-2019. This might provide insights on how well the care 

demand and supply are forecasted as well as the current behavior of the care demand and supply 

and their influencings factors. These insights might also take away some of the confusion around 

the different forecasts and the experiences of care shortages of the FZO-specialists. Potentially, 

these data might also explain factors have caused inconsistent information about future health care 

personnel shortages. 

 Problem owners 

The current health care shortages are causing several problem for involved stakeholders. Each 

stakeholder experiences the consequences of the current health care shortages and inconsistent 

manpower planning differently. Below the problems for the involved stakeholders are listed.  

Hospitals: When there is a mismatch between demand and supply, either demand cannot be 

fulfilled, or a part of the staff will be redundant. This might result in waiting lists for patients, 

closing departments as a consequence of under supply or firing a part of the staff as a result of 

oversupply.  

Patients: When demand is higher than supply, unmet demand is created for patients. This in 

turn results in waiting lists for treatments or seeking treatment somewhere else.  

ACP: Evaluating the calculation method with the data of the past 4 years seems to be 

important to obtain a more consistent prediction of the shortages and a fitted structural problem 

for these shortages. 

Government/Ministry of Health, Well-being and Sports:  More reliable predictions and 

clearer insight in the variables influencing future shortages let the government anticipate better on 

this by adjusting policies to prevent them. 

 Problem statement 

Over the past 3 years there is a large shortage of specialist nurses in the Netherlands. 

However, inconsistent predictions are made about the size of these shortages and thus a thorough 

evaluation is needed on the currently used prediction methods. 
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Furthermore, it is unclear what variables explain the current and future behavior of care 

demand and supply. Not understanding where the behavior comes from, one cannot make an 

effective and efficient human resource planning let alone develop an effective policy to prevent 

shortages.  

 Research question  

The model of ACP characterizes the factors that are influencing care demand and supply. 

With these information forecasts have been made of demand, supply and shortages. The forecasts 

for demand and supply of the years 2016-2018 can be used to compare the forecasts with the actual 

values of demand and supply in 2016-2018. Since this research is interested in the behavior of 

supply and demand over time and whether the forecasts are correct and which factors influence 

correct/incorrect forecasts, the following research question is formulated: 

Which factors have been influencing demand and supply and to what extend have 

explanatory variables forecasted supply and demand correctly?” 

Furthermore, the care shortages can be investigated, and insights might be obtained about the 

correctness of these forecasts. With investigating these shortages an answer on the following 

question can be obtained: 

To what extent do the forecasts of care shortages correspond to the actual care 

shortages? 

 Aim 

This research aims to evaluate the behavior of care demand, supply and shortages over time 

and whether their behavior correspond to the established forecasts. Furthermore, this research aims 

to investigate whether there are factors influencing the correctness of the forecasts. When these 

factors exist, these research aims to explain the degree of these influential factors.  

 Research Approach 

Chapter 2 provides a theoretical background explaining the different perspectives on care 

demand and supply and which factors are influencing care demand and supply, the definitions that 

will be used to define care demand and supply within this research, the current model of the ACP 

and how the defined definitions of care demand and supply match the model of ACP. Chapter 3 

covers the method of data collection, the participants, the data analysis with explanation about the 



10 

 

preprocessing and the used research methods. The results of this research will be presented in 

Chapter 4. Chapter 5 presents the conclusion and discussion of this thesis along with 

recommendations for practice and future research. 
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2 Theoretical framework 

 All over the world countries are experiencing nursing personnel shortages. Both rich and poor 

countries experience an imbalance of care supply and demand (WHO, 2006). In other words, there 

is a disequilibrium of demand and supply which lead to over-supply or shortages. The imbalance 

of care demand and supply can be defined form multiple perspectives.  The World Health 

Organization has created a frame work that elaborates on the factors underlying an imbalance of 

care demand and supply (Smits, Slenter & Geurts, 2010). They state that workforce planning 

should contain these factors to define care demand and supply (Smits et al, 2010). 

 

 The framework (see Figure 1) contains six main component: the demand for health labor, 

the supply of health labor, the health care system, policies, resources and “global” factors (Zurn et 

al.,2004). The global factors or contextual factors are given by socio-demographic, economic, 

cultural and geographical factors. The global factors play a role in the behavior of the society and 

consequently the workforce. Since, demand and supply are central within the framework presented 

by the WHO, it is important to define the different perspectives of supply and demand. The reason 

for defining supply and demand is that different factors within the framework influence the various 

definitions of demand and supply differently.  

Figure 1. Framework for imbalance of human resources for health (Zurn et al. 2004) 
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 Demand versus need 

Demand analysis has as purpose to capture the factors that affect the person’s utilization of 

medical care. Often the quantity of demand is based on the need for medical health care. Medial 

health care workers need can be defined as the quantity or quality of care they perceive that 

individuals should receive to remain or become healthy (Feldstein, 1999). Secondly need of health 

care can also be defined as the wants, wishes and desires to receive health care (Asadi-Lari, 

Packham & Gray, 2003), but the desired health care is not accessed by the individual. The 

motivation to express the need for care is stimulated by a set of cultural, demographic and 

economic factors (Asadi-Lari, Packham & Gray, 2003). The need can be both subjectively and 

objectively. A healthy individual might desire a treatment to become ultimately healthy and live 

longer, but medical care workers do not perceive urgent treatment. On the other side we have that 

an individual is in urgent need of treatment, but is unable because his financial situation to access 

medical care or he is not willing to access medical health care because of religious reasons (Asadi-

Lari, Packham & Gray, 2003). In the first case we see a subjective need for health care where the 

individual values optimal well-being, but does not receive treatment since he is already a healthy 

person. This also represents the problem of imbalance between demand and supply. In the second 

case we see an example of objective need for health care, but the person cannot access the health 

care.  The need of health care is only one factor affecting the demand for care. Based on resource 

allocation of medical needs only, will result in misallocation. This is caused by the fact that not all 

needs are treated, because the medical care workers do not see the need for treatment or the need 

is not expressed because of economic, cultural or demographic circumstances. As a result needs 

often provide a bad prediction for the provided quantity of care (Feldstein,1999).  

From the traditional theory of consumer demand, demand is the purchase of goods and 

services by a consumer (Feldstein, 1999). Within the health care sector this demand can be 

expressed as the requested demand for treatment by individuals at a health care institution. The 

need for medical health care by individuals is part of the actual provided health care by medical 

workers, since most of the time the patient initiates the actual request for the demand. The other 

part of the demand of health care is controlled by the medical workers, because they decide 

whether and in which quantity and quality they provide the requested or required treatment 

(Feldstein,1999).  This suggests that a part of the need of individuals and the supply form the total 

economic demand of health care within institutions (Feldstein. 1999; Asadi-Lari et al., 2003). The 
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demand in this case is the number of medical care hours to help and treat patients. The advantage 

of expressing demand in this way, is that there can actually be observed what the quantity of care 

demand is within medical institutions and consequently resources can be allocated more directly 

based on the necessity (Feldstein,1999).  

 Care supply 

Care supply is easier to define then the care demand, but there should be differentiated 

between quality and quantity. Commonly, care supply is defined as the quantity of the provided 

supply (Zurn et al, 2004). This entails the working hours of medical workers when providing help 

and treatment to patients. The quantity of supply is increased by the graduated students and people 

that decide to work more hours. Secondly, the care supply concerns the quality of the provided 

supply (Zurn et al, 2004). With the quality is meant the skills of the medical workers and the 

resources at the hospital. One hospital might supply better care than another hospital. In a tight 

labor market, the ideal candidate cannot always be found, but still someone is recruited to fill the 

vacancies. In this case vacancies are fulfilled, but the current employees are still experience a 

shortage. These experiences of shortages are caused by missing required skills on the work floor. 

So, the shortage on a quality base can be seen as the number of positions filled with ineffective 

employees (Zurn et al, 2004). 

2.2.1 Factors influencing supply 

Education/professional training choice 

The return on investment can play an important role for individuals, when considering to 

participate in different medical health care education programs (Zurn et al, 2004). Usually 

investment decisions pay off over time, but cost and benefit are weighted to make such a decision. 

The expected return on human capital investments are a higher income and higher job satisfaction 

(Zurn et al, 2004). When the rate of return in terms of human capital is high, more people will be 

attracted to a specific profession and this results into a higher supply over time, this holds also for 

the other way around (Zurn et al, 2004). Besides the human capital, the choice of profession might 

depend on the status of a profession within a society. When a profession is valued high within a 

society, individuals are more likely to enter a specific profession and vice versa (Zurn et al, 2004). 

 



14 

 

2.2.1.1 Time Lag 

Education is an important factor within the health care system, but a time lag between 

educations and practicing a profession can form quite a problem within the health care sector. 

Educating students now, won’t solve the problem on the short term. The problem is only solved, 

if over time enough students are educated to fill the vacancies. This means that there is a time lag 

between the problem and the solution and the supply will only grow if enough students are graduate 

within a few years (Zurn et al, 2004).  

 

Labour market exit 

There are several reasons for withdrawal of medical health care providers from the 

workforce. Several are economic based and are described in section 2.3.2. Another reason, 

especially for young woman is that they temporally (partially) quit their job to take care for their 

family and children (Zurn et al, 2004). Which means a temporarily decrease of supply over time 

and when they return it might cause oversupply since vacancies might be filled.  

 

Migration 

In some countries migration of medical health service providers is a big issue within the sector. 

The migration is commonly caused by economic, demographic or cultural factors. Migration 

causes a direct decrease in the (potential) workforce of the current country (Zurn et al, 2004). 

 Global factors influencing demand and supply 

There was already explained that contextual factors influence the need for care by 

individuals, but also next section this will be explained more extensively since these factors play 

an important role in the need for care and the observed demand for care within institutions. Since 

the patient does not decide about the quantity and the quality and suggested is that that this is part 

of the health care demand, it is important to investigate to motives of medical workers for the 

distribution of health care.  

2.3.1 Socio-demographic 

Both demand and supply are affected by a changing society. The WHO reported that in the 

richer countries, such as the Netherlands, (future) misbalances between demand and supply are 

caused by low fertility and an aging population (Buchan & Aiken, 2008). Both events lead to more 
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people with chronic and degenerative diseases, consequently the care demand is increasing. 

Currently, the Netherlands is dealing with a growing and aging population (CBS, 2018). Generally 

is known that an ageing population causes an imbalance of younger and elderly people, the amount 

of elderly is going to exceed the amount of younger people.  On the demand side, a growing and 

ageing population causes an increase in the need and the actual demand for health services and 

medical workers (Hellenthal, 2012; Zurn et al, 2004). An aging population causes also a problem 

on the supply side of the medical health care. On the supply side, this implies that amount of elderly 

people is bigger than the amount of younger people (Hellenthal, 2012; Zurn et al, 2004).  There 

observed that the percentage of 50-60 years working in the nursing profession has increased with 

almost 40% in 2009 (Hellenthal, 2012). Over the years this implies a big outflow and a high 

required inflow of new employees and students. Since the amount of younger people is smaller 

because of aging population there will be less people to compensate for the increasing demand, 

which will lead to a shrinking labor market. The fact that the requested care is increasing and the 

labor market is likely to decrease, a misbalance between demand and supply is likely to evolve 

over time (Hellenthal, 2012).  

2.3.2 Economic factors 

There is observed that there exist a correlation between the economic development of a 

country and the level of supply within the health care. Countries with higher GDP per individual 

are able to spend and are spending more financial resources on health care than countries with a 

lower income. Hence, the workforce and its quality is larger (Zurn et al, 2004). Increasing the 

salaries for nurses has a positive effect on the workforce, qualified nurses working in another 

profession returning are likely to return to the nursing profession and nurses are willing to work 

more hours (Zurn et al, 2004). This goes also the other way around, when budgets for the health 

care are lowered. Retrenchments imply a smaller budget for hiring the required staff. As 

consequence salaries decrease and/or limited staff can be hired. Limited-hiring and lower salaries 

lead to a lower care supply and creates additional work for the current employees (Barney, 2002) 

and an increased workload of current the  employees (Brink et al, 2018) is causing dissatisfied 

employees and therefore more employees leaving the employer or profession (Vermeeren,2019). 

Another cause of limited-hiring, is that care supply is likely to decrease but also the internships 

are limited since the current staff does not have time to educate students. The problem is limited 

internships is even strengthened by educational organizations enforcing numerus of fixes, because 
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of the limited places and also because of limited budget (Huisman, 2018).  These events result in 

too few educated students to cover the future care supply and limited budgets potentially lead to a 

decrease of educational quality.  

The economic situation affects also the financial resources of individuals in a country.  The 

higher the financial resources the more likely an individual puts out a request for medical health 

care services. Secondly, when individuals within a population can afford medical expenses by their 

financial resources or the insurance they benefit, the demand for medical health care services will 

be higher (Zurn et al, 2004).  

 

2.3.3  Geographical factors  

Geographical factors influence the organization of health care delivery. Commonly, the 

amount of health care institutions established in urban areas is larger than in rural areas. One of 

the causes is that governments decide where to locate medical institutions. The advantage is that a 

larger concentration of people can benefit from health care services and more specialist medical 

workers are located at that institution. The drawback is that, there can be a need for demand but 

the demand is unmet, since people do not live nearby a medical service institution and/or they are 

not able to reach the hospital. Another disadvantages of hospitals in a rural area is that the demand 

at institution is exceeding the supply that can be provided. Observed is that a 10% increase in 

travel time would decrease the demand for health care by 6%-10%. Both situations lead to a 

misbalance between supply and demand on a geographical base (Zurn et al, 2004). 

 

2.3.4 Cultural factors 

Culture influences both the demand and supply side of the health care, this is caused by 

different values and beliefs of several stakeholders such as culture/religious groups or the 

government. Culture or religion can form a barrier to request for health care services. There might 

be a need for health care, but the care is not requested since the religion forbids it, or someone else 

within the household or family decided whether care is requested (Ensor &Cooper, 2004). On the 

supply side, we observe mostly gender inequality caused by culture and/or religion has a negative 

influence. This inequality causes that in some countries only a very small fraction of the workforce 
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is a woman. When these barriers can be overcome, the supply side can grow and a misbalance on 

the supply side can be overcome (Ensor &Cooper, 2004). 

 

 Medical manpower planning in the Netherlands 

 As seen in the introduction, ACP is responsible for the human resource planning of the 

Dutch health care (Capaciteitsorgaan, 2018). ACP has created a method and a model, to establish 

long-term quantitative forecasting of care supply and care demand (Smits et al, 2010). These 

forecasts are used to predict the required inflow of students/employees into education programs 

for medical specialists (Capaciteitsorgaan, 2018). With these forecasts an advice is provided to the 

Minister of Health, Well-being and Sports. This advice concerns the investment of financial 

resources into health care and the amount of students that should be enrolled into education 

programs. With this advice ACP aims to balance future care supply and demand 

(Capaciteitsorgaan, 2018). In the introduction we have seen that the data of the past 4 years can be 

used to compare to the forecasted data and provided insights into the correctness of these forecasts. 

Furthermore, the data also provides the advantage to investigate whether there are specific 

hospitals or regions with large amounts of leaving employees because they are unsatisfied with the 

business inside the hospital. Lastly, there can be observed that 11 out of the 15 profession are 

dealing with large shortages and 6 of them are even dealing with extremely large shortages. In this 

situation it could be that among these profession, different factors and/or to which extend these 

factors are influencing the shortages. Since, there is observed that employees are leaving the 

profession and some profession deal with larger shortages it would leave open that suggestion that 

the reason for leaving the profession might be related to several factors within a specific profession. 

On the other hand, low fertility and an aging population are causing a large increase for medical 

treatment (Buchan & Aiken, 2008), so it could be that the care from specific profession is requested 

more by the population. Comparing the data of four years might provide insights on whether there 

exist different behavior of care demand and supply among different professions, hospitals and 

regions.  
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 Manpower planning model Advisory committee’s Plan 

All the information below is obtained from the report Capaciteitsplan 2018-2021 FZO-

beroepen & Ambulanceverpleegkundigen composed by the Advisory’s committee’s Plan. This 

section explains the model and the calculation of intermediate and final results of the Advisory’s 

Committee’s Plan which can be seen in Figure 3. The advice is formed as a result from the 

calculation method is created for a period of seven years. This implies that the first year is the base 

year for the calculation for an equilibrium of supply and demand in the seventh year (equilibrium 

year). The reason that there is chosen for seven years is within these seven years there should be 

enough available inflow moments for new students and/or employees.  

The model is horizontally divided by three rows: care demand (top row), care supply 

(middle row) and education (bottom row). On the vertical axis is divided in three columns: base 

year (left), expectation over the six year period (middle) and calculated forecasts for the 

equilibrium year (right). 

The variables within green boxes are obtained by the entries of the hospitals. Every year 

hospitals receive an invitations to fill out a form per nursing profession, with information about: 

current amount of employees and how many hours they work, amount of vacancies, personal above 

the age of 60, expected outflow of employees under the age of 60 and expected change in care 

demand. The black box variables are obtained from several institutions, these data relates to 

education, care demand changes according to experts and inflow of employees from elsewhere. 

The data from the hospitals and the other institutions is be used to calculate the intermediate results. 

The intermediate results can be found in the pink boxes. The pink boxes are: the part-time factor, 

care demand and supply in the equilibrium year and the graduated students. These intermediate 

results and the entries of the hospitals and ACP are used to calculate the final results for the total 

shortages/surplus and based on that the final result on the inflow of students into educations is 

calculated. Final result are both in red boxes. An overview of the variables with their codes, names, 

description and dimension can be found below in Table 1. All the variables and the model will be 

explained more extensively in the next section.  
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Care supply base year 

 

Care supply is the quantity of care supplied per year and is expressed as the total employees 

FTE within the hospitals. In the model care supply is defined by variable A and the variable C 

expresses the total employees. Variable H measures the part-time factor, which is the total 

employed FTE divided by the total employees.  

 

 

 

 

 

Variable Variable dimension Variable description Variable source Variable code

A Care supply FTE Qualified employed FTE’s on payroll Hopitals Green

A1 Care supply name PNIL FTE Qualified FTE’s not on payroll Hospitals Green

B Vacancies base year FTE Hard-to-fill vacancies Hospitals Green

C Amount of employee Integer Qualified employed employees Hospitals Green

D Inflow this year and earlier of students Integer Amount of students that started their education College Zorg Opleidingen Black

E Duration education Years The length of the education program College Zorg Opleidingen Black

G Care demand base year in FTE Requested care by the population Hospitals Green

H Part-time factor (A/C) Percentage The proportion of the hours worked by the employees and the total FTE. Calculation: (intermediate result) Pink

J1 Change according demographics Percentage/year Change in care demand based on geographical information Onderzoekregio plan Black

J2 Change according experts Percentage/year Change in care demand based on information obtained from experts within hospitals Expert-opinion institution and national experts Black

K Percentage change part-time factor Percentage/year No input Black

L Expected inflow elsewhere FTE/year Inflow of qualified employees from other hospitals or institutions No input Black

M5 Personal age>60 FTE/year Amount of qualified employed FTE’s older than 59 year Hospitals Green

M6 Outflow employees age <60 FTE/year Expected outflow of qualified employees younger than 60 year Hospitals Green

N Intern graduation percentage Percentage Percentages that graduates for the education program College Zorg Opleidingen Black

O Extern graduation percentage Percentage Percentages that graduates for the education program Research KBA Nijmegen Black

P1 Care demand equilibrium year (dem) FTE Expected requested care by the population after 7 years (expected by the demographic scenario) Calculation  of intermediate result Pink

P2
Care demand equilibrium year (exp) FTE Expected requested care by the population after 7 years (expected by the demographic scenario) Calculation of intermediate result Pink

R1
Shortage/surplus (dem) FTE

Expected difference between the available care and the requested care after 7 years

(expected by the demographic scenario)
Calculation of Final result Red

R2
Shortage/surplus (expert) FTE

Expected difference between the available care and the requested care after 7 years

(expected by the demographic scenario)
Calculation of Final result

Red

T FTE from education FTE/year Expected graduated students that will be employed in hospitals Calculation of intermediate result Pink

V Care supply equilibrium year FTE Expected requested care by the population after 7 years Calculation of intermediate result Pink

W1
Required inflow students (dem) FTE/year

Expected required inflow of students to cover potential shortages in the health care

(expected by the demographic scenario)
Calculation of Final result Red

W2
Required inflow students (expert) FTE/year

Expected required inflow of students to cover potential shortages in the health care

(expected by the expert scenario)
Calculation of Final result Red

Table 1. Description of variables in the model of the Adivsory Comittee's Plan. 
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Care supply equilibrium year 

 

The care supply of the equilibrium year (variable V) is the outcome of care supply over the 

years influenced by several factors.  

The care supply of the equilibrium (Variable V) is calculated based on the care supply in 

the base year (variable A) and the above named factors are defined as follows: 

- Outflow of employees that will retire (variable M5), is the expected outflow of 

employees >60 that will retire within these seven years.  

- Outflow of employees that quit their job at the current hospital (variable M6) 

- Inflow of employees from elsewhere (variable L), for example people entering because of 

higher salaries or switching from hospital. 

- Inflow of students that will graduate within seven years (Variable T) 

o T is calculated as the average inflow of students in the past years (variable D) and 

the inflow from the education baseyear (variable F). Considered are also the 

education duration (variable E) and the success factor of the education program 

(variable N & O). So T = (D*E*F(7-E))*N*O) and the total inflow is equal to T*H 

(part-time factor). 

 

Care demand base year 

Care demand in the model can be calculated as follows: the care demand of the base year 

(Variable G) is equal to the care supply in the base year (variable A) + the hard-to-fill vacancies 

in FTE (Variable B). The hard-to-fill vacancies are unmet requested demand and are shortages of 

care supply within the hospitals. The formula for calculating the total demand is the supplied care 

in FTE and the unmet requested care in FTE. This implies that G = A + B.  

Care demand equilibrium year 

The care demand in the equilibrium year (Variable P) is calculated by using care demand 

in the base year (Variable G) and the predicted changes according to demographic trends, national 

and regional experts (Variable J). The changes are the expected growth or shrinkage of the amount 

health care requests by the Dutch population. Factors influencing the amount of requested care are 

an aging population, the development of different types of diseases or extinction of diseases. Based 
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on these types of information the experts try to provide an indication of the expected growth rate 

of the requested health care. The formula to calculate the care demand in the equilibrium year is 

as follows: P = G+(7*J).  

The predicted scenario based on demographic trends among the current population is 

defined as variable P1 and the predicted scenario by local and regional institution experts is defined 

as Variable P2. The predicted changes based on the demographical trends is defined as variable 

J1. The predicted changes of the experts is  defined as the variable J2, this variable takes into 

account both the predictions of regional and national institution experts. The formula is as follows, 

changes according institution experts (Variable J2) = expectations national experts (Variable J2a) 

* 1/3 + expectations regional experts (variable J2b) * 2/3. So, J2 = 1/3 * J2a + 2/3 * J2b. 

These two different approaches of predicting future care demand have led to two different 

future demand functions. This is actually the same formula as above, but only now there are two 

different scenarios. The new formula will be as follows: 

𝑃𝑖 = 𝐺 + (7 ∗ 𝐽𝑖), 𝑖 ∈ {1,2} 

Shortages, surplus and required education of students 

Since predicted shortage or predicted surplus is the imbalance of the quantity of supply and 

demand, the misbalance of care and supply will be the measured by quantity. The imbalance means 

either that requested demand cannot be answered or oversupply which means that employees have 

no care demand to answer. This imbalance is calculated by subtracting the predicted demand 

(P1/P2) from the predicted supply (V). Since there are two scenarios of predicted demand, there 

are also two scenarios of predicted shortages/surplus. The formula is as follows:  

𝑅𝑖 = 𝑉 −  𝑃𝑖 , 𝑖 ∈ {1,2} 

 

Based on the above calculated shortages/surplus the required inflow of students can be 

calculated (variable W). The variable D stands for the inflow of students that have entered the 

education program last year and earlier. The variable F can be defined as the inflow of students at 

the base year and after that. Since time lag plays an important role in when students actual enter 

the workforce, this is also included into the model.  The time lag is the total education time 
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measured by the variable E. The variables D, E and F are used to calculate the amount of students 

per year group. To determine which fraction of the students actually graduates from the training 

program, which is highly important for estimating future supply, the graduation factor: variable O 

and N are also included.  

 Thesis model 

The model for this thesis is based on the findings in the literature, the model of Zurn et al 

(2004), the model of the ACP, and the simulation of  seen in Smits & Roos (2012) see Appendix 

I Figure 4. The model only contains factors that are influencing the observable provided care and 

requested care in FTE.  This follows from the fact that Advisory Committee’s plan has only 

collected quantitative data, and the idea that I will be investigating the behavior of these data. 

Therefore, this thesis refers to care demand, care supply and care shortages as the quantity of 

employed FTE for now on. 

This model has been created to measure the behavior of the data on annual basis. Different 

from the simulation of Smits & Roos (2012) my model does not contain future care demand and 

care supply separately from the current care demand and care supply. Care demand, care supply 

and care shortages form the basis of my model. Care demand and care supply are changing from 

the beginning till the end of a time period. Therefore, the model can be used for the actual data of 

4 years but also for forecasting care demand, supply or shortages. These calculations can be used 

to check the correctness of the forecasts.  

 The model makes a distinction between three things, observed (effect of a) explanatory 

variable: normal line, unobserved (effect of a) variable: striped line and unobserved (effect of a) 

explanatory variable which can be calculated: dotted line. The boxes in the model are expressing 

the variable and their values, the arrows indicate a relationship between variables.  

From the literature was obtained that individual circumstances: financial resources, 

geographical factors and cultural factors influence the care demand decision making of an 

individual (Zurn et al, 2004). In Figure 2. Thesis model can be seen that those factors have an 

unobserved effect on the total care demand. Secondly, the care (future) demand is influenced by 

socio-demographic factors: growing population, aging population and the types of diseases 

(Buchan & Aiken, 2008). These factors are jointly captured under the variables J1 and J2 and these 

data is obtained from onderzoek Regio Plan, expert opinions and national experts. The effect of 
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the individual demographic factors is unknown, but the total effect is measured and can be 

investigated.  

The care supply is affected by the socio-demographic factor aging-population (Hellenthal, 

2012). This data is the variable M5 and is equal to the outflow of retiring employees. This outflow 

is decreasing the total supply. Financial resources are influencing the total employees in FTE that 

can be hired, the salaries of employees and the inflow of students into education programs (Zurn 

et al, 2004).  The variable of the FTE than can be hired is also influencing the inflow from 

somewhere else. When there are more financial resources available more FTE can be hired and 

the higher the inflow from somewhere else can be. 

Salaries are directly influencing the employee decision making on whether to stay, leave 

or enter the labor market. This also holds for the workload. Workload is influenced by the current 

supply shortages which means that employees have to work more hours than were originally 

employed for. This implies working overtime or the hospital decides increase the working hours 

of the employees. This holds also in case of over-supply (care surplus). Changing the part-time 

factor leads to a change in care supply. Increased workload without changed policy making from 

the hospitals combined with the received salaries form the influencing factors for M6 and L. M6 

is the outflow of people age <60 and L is the inflow of somewhere else.  

The effect of workload and salaries seems to be the main reasons for employees to come 

or leave, but these are not measured within the model of the Advisory’s committee’s Plan. Whereas 

the increased workload cannot be measured, the effect potentially might be measurable. The 

increased part-time factor can be seen as a measure for changed policy making of hospitals in 

response to current shortages/surplus 

The outflow of students from the education program into the care supply is last influencing 

variable of care supply and is also inserted in ACP’s model. In the model it is called the variable 

T (outflow of students from the education program). The outflow of students from the education 

program is influenced by the total students in specific year, the education duration (variable E), 

the graduation percentage (O &N) and the part-time factor graduates entering the health care 

proffession (Capaciteitsorgaan, 2018; Smits & Roos, 2012). The inflow of students is influenced 

by the workload, care supply shortages/surplus, aging population and the financial resources. Both 

financial resources and the workload are determining the amount of available education places. 
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The higher the workload the lower the education spots and the other way around. The more 

financial resources imply more education spots (Huisman, 2018). These variables are not measured, 

but might be an explanation for the behavior of the inflow of students into education programs. 

An aging population is also influencing the inflow of students into education program, since the 

amount of younger people is decreasing so will also the available students for the education 

program. This effect is not measured by the model of the Advisory’s committees plan. The 

shortages are also influencing the inflow of students, this influencing in the way that policy makers 

might allow more students into education programs. This effect can be measured as the advised 

required inflow of students per year (variable W). 
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 Research Methods 

2.7.1 Definition of a K-fold decision tree 

To obtain information about which factors are causing correct and incorrect predictions, decision 

trees have been created to classify the factors and the values which potentially cause correct and 

incorrect predictions. Decision Tree algorithms are made to provide rules for classification of data 

(Ali, Khan, Ahmad & Maqusood, 2012). Decision Trees are supervised classification algorithms, 

which means that the researcher controls the input variables entered into the algorithm (Ali et al, 

2012). The tree start with a root node then two chains follow with a decision factor, this is called 

a splitting the decision tree, and then the tree ends up in a new node. This process is repeated until 

the best tree is found or the process is terminated at researcher set fixed amount of tree splits. The 

last node is called a leaf node and that’s the final classification of data point. The decision tree 

groups the data based on the values of the dataset (Ali et al, 2012). The creation of the tree is based 

on patterns within the data, and for those patterns nodes and decision chains that best fit the data 

are created. Furthermore K-fold cross validation is used. Within the data K random subsets of 

equal size are created and the process of building decision tree is repeated K times (Bengio & 

Grandvalet, 2004). Every time one of the subsets is left out. This subset is called the test set and 

the other sets are called the training sets. The training set is used to obtain a decision tree and the 

test set is used to validate the obtained decision tree, this provides a prediction error (Bengio & 

Grandvalet, 2004). The prediction error is the chance of incorrectly classifying a new entry with 

the current decision tree. The best decision tree among these tree is chosen and the average 

predication error of all the decision trees used to express the chance of incorrectly classifying a 

new entry with the current decision tree (Bengio & Grandvalet, 2004).. The use of K-fold cross 

validation is of importance because, creating a decision tree requires a test and training set. K-fold 

cross validation prevents selecting a tree with a specific pattern that is very different from the other 

sets of data.  
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 Summary  

During the literature review and the investigation of news articles, I have reported several 

events.  The first event is that there exists confusing information about the ‘true’ amount of 

shortages within health care sector which also holds for the specialists nursing profession. With 

the data from ACP and their calculation method, the forecasted shortages can be compared to the 

actual shortages. At the moment, there has been collected four years of data which means that we 

can check the forecast of three years. The second advantage of these data is that these data provide 

an insight on how the data behaves which potentially leads to future behavior of hospital care 

shortages. Consequently there can be investigated whether these shortages will increase as fast as 

thought. 

With the model, that is created by this thesis there can also be checked which factors are 

influencing the correctness of the forecasts. This also provides feedback on the correctness of the 

predicted values entered by the hospitals and whether there were policy changes on for example 

increasing the working hours of the current employees.  

Within this research it is not possible to investigate whether the observed shortages by ACP 

actually match the experienced shortages by the employees, simply by the fact that I do not have 

that specific data.  
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3 Methodology  

This research focusses on the behavior of demand and supply over time. This study 

examines the differences between the actual care demand and supply and the forecasted demand 

and supply. During the inspection of the data, information was obtained about the fact that overall 

demand and supply are predicted within a 10% range of their real values. The problem is that this 

does not hold for all individual hospitals. Therefore this study aims to determine the factors and to 

what extent these factor influence the correctness of forecasts. Verifying whether the actual care 

demand and supply match the forecasts, will also provide information about the correctness of the 

predicted shortages and whether these are actually increasing as fast as thought. Furthermore this 

research aims to detect whether specific entries of explanatory variables might lead to incorrect 

predictions. 

 Data Source 

With the method and model created by ACP, data has been obtained from the involved 

instances in the years 2016-2019. The data acquired in this research is the collection of the data 

was provided by the involved instances and the calculations made by ACP.  In total, 93 hospitals 

were invited to participate within the survey. The amount of responds depends on the participation 

of the hospital and the whether profession is present within the hospital. The hospitals that did not 

participate in the survey or did not participate continuously over time are deleted from the dataset. 

In Table 2 an overview of the amount of responses per hospital can be found. 

 

 

 

 

 

 

 

Table 2. Overview amount of responses per profession. 

 

Profession Amount of responses

Anesthesist 75

Deskundige Infectie Preventie 71

Dialyse verpleegkundigen 55

Gipsverbandmeester 72

IC-kinderverpleegkundigen 8

IC-neontologie verpleegkundigen 15

IC-verpleegkundigen 74

Kinderverpleegkundigen 73

Klinisch Perfusionnisten 16

Obstetrie verpleegkundigen 69

Oncologie verpleegkundigen 73

Operatie assistenten 75

Radiodiagnostisch laborant 65

Radiotherapeutisch laborant 18

SEH-verpleegkundigen 72
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 Data preprocessing and Data Analysis 

All the analyses within this research are done with |R| and the plots created within this 

research are created by the package ggplot.  

All the analyses discussed in this chapter will be done for each profession separately on 

national level. This means that the behavior of the care demand, supply and shortages are the total 

sum of all the data of the hospitals at individual level. There is chosen to not investigate the data 

at a regional level, since it is a very elaborate process.  

3.2.1 Comparison forecasts with actual data 

3.2.1.1 Preprocessing 

The data requires some preprocessing to investigate the (differences between) real and 

predicted demand and supply over time. To compare the behavior of the demand and supply plots 

and tables of demand and supply in a specific base year with their forecasts are created. These 

plots visualize the behavior and the correctness of the forecasts can easily be seen. To obtain these 

figures and make comparisons the forecasts of 2017-2019 must be obtained first. This is done by 

the following formulas: 

- Supply year X = (Supply year X -1) – M6 – M5*Y/7+T*Y/7+L/7 

- Demand year X = (Demand year X-1) + J*Y 

- Shortage year X = Demand year X – Supply year X 

- Y = amount of years predicted ahead 

- X-1 = used base year 

- X = used equilibrium year 

To compare the forecasted values and the actual values of care supply, care demand and care 

shortages more precisely, tables were created which report the difference between the actual and 

the forecasted values of care demand, care supply and care shortages. These differences are 

calculated by subtracting the actual value by the forecasted value. Also the difference percentages 

between the forecast and the actual value will be reported. These percentages provide an insight 

on the closeness of the prediction. The closer this percentage is to zero, the more precise the 

forecast is. The difference percentage between the forecasted variable value and the actual variable 

is obtained as follows: 
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- (Demand Year X – Demand Year X -1)/(Demand Year X-1)*100% 

- (Supply Year  X – Supply Year X -1)/(Supply Year X-1)*100% 

- (Shortages or Surplus Year X – Shortages or Surplus Year X -1)/(Shortages or surplus Year 

X-1)*100% 

3.2.1.2 Visualizing and reporting results 

The plot below is just to illustrate how the obtained plots are designed. The red (1) line 

presents the actual demand in the base year and the blue line (2) represents the actual supply in the 

base year. The pink line (3) represents the forecasted supply in the period 2016-2023. The green 

line (4) and the blue-green (5) line are the forecasted demand. Where (4) is the demographic 

scenario and (5) is the expert scenario The olive green line (6) and the brown line (7) represent the 

behavior of the forecasts made in each base year for the equilibrium year. Where (6) is the expert 

scenario and (7) is the demographic scenario. The purple line (8) represents the supply in the 

equilibrium year. The lines for the equilibrium year illustrate how the forecasted values of supply 

and demand have varied over time.  
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To compare the differences between the actual and the forecasted demand and supply more 

precisely the difference percentages were calculated. The differences percentages will be labeled 

by a color scheme to provide more visual insight.  Adding these color labels might be able to reveal 

patterns among years or professions. 

The difference percentages are labeled with the following color scheme: 

 

When the color is more red or blue means that the forecasts are further away from the actual 

values. Blue represents that the forecast was lower than the actual value and red represents that the 

forecast was higher than the actual value.  

3.2.2 5-fold decision tree 

The initial idea was to create these trees for both care demand and care suppl. Within this thesis 

only trees of the care supply will be created. This is because of the fact that within the current data, 

care demand depends on the current care supply. Deleting the care supply would not solve this 

problem, since the growth of demand is partially expressed as the growth of the supply. When care 

supply is deleted this would only leave the unfulfilled vacancies as an expression of the growing 

demand which potentially leads to incorrect results, since vacancies might also decrease where 

total demand has been increased.  

3.2.2.1 Preprocessing 

The decision tree method requires a ‘large’ amount of data to be representative, so this is 

only done for the professions that contain more than 50 observations. For each of the professions 

the dataset was divided into five subsets to train the decision tree on. Furthermore, within this 

analysis it is important to rescale the data, since hospitals differ in size and this influences several 

outcomes in the model and consequently the final results. Therefore, variables M6, M5, T, L are 

divided by the current employed employees in FTE. There is chosen for this factor since, this 

reflects the size of the hospitals in FTE.  

To check whether the predictions match the actual values or not, the dataset is divide into 

two categories for supply. These categories are based on the difference percentage between the 

forecasted care supply and the actual supply. The categories are binary and are divided in ‘good’ 

and ‘bad’ predictions. In the dataset these are labelled with a 1 = Good and 0 = Bad. A good 
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prediction is at most |10%| (Absolute value of 10%) away from the actual value. These differences 

can be obtained by the following formula:  

(|Actual demand or supply year X – forecasted demand or supply Year X |/ (Forecasted 

demand or supply Year X))*100% 

3.2.2.2 Input variables 

The input variable choice was based on the literature and the available data and model of ACP. 

In Figure 2 the model for these thesis can be seen with its input variables. In this research the 

supply prediction tree, has as input variables whether supply was predicted correctly, and the 

rescaled values of variables outflow of age < 60 (variable M6), inflow employees somewhere else 

(variable L), outflow of employees age > 60 (variable M5) and the outflow of students from 

education (variable T).  Since, the model of the Advisory’s committee’s Plan did not take into 

account the change of the part-time factor and the part-time factor (Variable H) influences the 

quantity of care supply, this variable is also included to check whether incorrect forecasts might 

potentially be caused by a mutation of this variable.   

The mutation of the part-time factor is calculated as follows: 

(Part-time factor year X – Part-time factor year X-1)/part-time factor year X-1*100% 

3.2.2.3 Reporting results 

The obtained results will be visualized and the results of the trees will be reported. This 

means that the tree is shown as well as explained by words. The results will only be reported when 

the accuracy of a tree is 70% or higher. This means that 70% of the observations must be classified 

correctly. These trees show the decision variables with their values that have caused correct and 

incorrect predictions of supply. 
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4 Results 

Part I provides a summary of the results, The full results for each profession are extensively 

explained in Appendix II.   The figures of care demand and care supply over time can be found in 

the appendices for each profession as well as the general statistics.  Part I contains the results of 

the actual behavior of care supply, care demand and care shortages and the comparison between 

the actual care demand, supply and shortages in the period 2017-2019 with the forecasts made in 

the period 2016-2018. In this part will be clear what the behavior of the actual care demand, supply 

and shortages is and how and to what this extend differs from the forecasted behavior. This part 

also tries to find patterns among the different professions and provides the knowledge on whether 

the shortages have been growing and will be growing as fast as predicted.  

 Part I 

4.1.1 Care supply  

The total care supply for all the proffession has been increased from 26897 to 27128, this 

is growth of 0.9%. Several behavior of care supply in the period 2016-2019 can be distinquised: 

strictly increasing, strictly decreasing or both increasing and decreasing. The proffessions with 

strictly increasing supply are Deskundige Infectie preventie, Gipsverbandmeester, Onconlogie 

verpleegkundige, Radiotherapeutisch laborant and Radiodiagnostisch laborant. For all the 

proffessions except the Radio therapeutisch laborant holds that the supply has been increased with 

more than 11% in the period 2016-2019. 

 

 

 

 

 

The professions with strictly decreasing supply are Dialyse verpleegkundigen, IC-

verpleegkundigen, Kinderverpleegkundigen. For all the professions has been decreased with more 

than 5% in the period 2016-2019.  

Proffession Supply growth 2016-

2019

Largest growth in year

Deskundige Infectie preventie 12.7% 2018

Gipsverbandmeester 11.1% 2018

Oncologie verpleegkundigen 13.8% 2017

Radiodiagnostisch laborant 12.0% 2018

Radiotherapeutisch laborant 4.91% 2019

Table 3. Professions with strictly increasing care supply 
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The professions with fluctuating supply are Anesthesisten, IC-Kinderverpleegkundigen, 

IC-Neontologie verpleegkundigen, Klinisch Perfusionisten, Obstetrieverpleegkundigen and SEH-

verpleegkunidgen. For all these proffessions except for the IC-neontologie verpleegkundigen and 

the Klinisch perfusionisten holds, that the supply has been decreasing in the period 2016-2018 and 

the supply has been increased in 2019. The supply in 2019 for the IC-kinderverpleegkundigen  and 

the SEH-verpleegkundigen has increased relative to 2016.  The supply of Anesthesist, Klinsich 

Perfusionnisten and Operatie assistenten has decreased relative to 2016. The Supply of the IC-

Neontologie has been increasing in the period 2016-2018 and in 2019 the supply has been 

decreased and as consequence of these events the supply of 2016 is equal to the supply of 2019. 

 

 

 

 

 

 

 

 

 

 

 

Proffession Supply growth 2016-2019 Largest growth in year

Dialyse verpleegkundigen -5.4% 2019

IC-verpleegkundigen -6.9% 2019

Kinderverpleegkunidgen -8.2% 2017

Table 4. Proffessions with strictly decreasing care supply 
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4.1.2 Forecasted care supply versus actual care supply 

The results among the professions are very different, this is caused by several reasons. One 

of the reasons is that demand and supply is decreasing and increasing over time, this leads to 

forecasting supply both too high and too low since the forecasts are strictly increasing or 

decreasing. Another reasons is that care supply has been increasing but was forecasted to be 

decreasing or the other way around. There are several more reasons, that the behavior of the actual 

care supply is very different from the forecasts. The most interesting findings will be reported. 

 

Forecasts care supply made in 2016 versus actual care supply 2017-2019 

 

Table 5. Comparison of supply forecasts 2016 made for the period 2017-2019 with the actual supply in period 2017-

2019. 

 

In Table 5 the comparison between the actual care supply and the forecasted care supply 

for the period 2017-2019 made in 2016 can be seen. On average the forecast of care supply are 

1.76% higher or lower than the actual care supply in 2017, 3.93% higher or lower in 2018 and 

4.34% higher or lower than the actual supply in 2019. This points at the direction that on average 

Profession

Actual care 

supply in 

2016

Forecasted 

supply 2017

Actual supply 

2017

Difference 

percentage 

2017

Forecasted 

supply 2018

Actual supply 

2018

Difference 

percentage 

2018

Forecasted 

supply 2019

Actual supply 

2019

Difference 

percentage 

2019

Anesthesist 2249 2237 2220 -0.70% 2224 2186 -1.70% 2212 2205 -0.30%

Deskundige Infectie

Preventie
252 266 257 -3.30% 280 272 -2.70% 294 284 -3.40%

Dialyse 1904 1889 1904 0.80% 1874 1876 0.10% 1859 1802 -3.10%

Gipsverbandmeester 297 291 297 2.00% 285 318 11.70% 279 330 18.30%

IC-kinderverpleeg. 326 333 322 -3.40% 340 307 -9.60% 347 334 -3.70%

IC-neontologie 607 609 615 1.00% 611 618 1.10% 613 607 -1.00%

IC-verpleegkundigen 4025 3956 3826 -3.30% 3888 3814 -1.90% 3820 3756 -1.70%

Kinderverpleegkundigen 2661 2636 2556 -3.00% 2611 2543 -2.60% 2587 2443 -5.60%

Klinisch Perfusionnisten 142 124 127 2.60% 123 131 6.60% 122 127 4.30%

Obstetrie 2044 2045 2081 1.80% 2045 2091 2.20% 2046 2098 2.60%

Oncologie 2043 2194 2206 0.50% 2345 2253 -3.90% 2495 2324 -6.90%

Operatie assistenten 4007 3952 3966 0.40% 3897 3991 2.40% 3842 3982 3.60%

Radiodiagnostisch

laborant
3353 3367 3445 2.30% 3382 3709 9.70% 3396 3756 10.60%

Radiotherapeutisch

laborant
978 988 983 -0.50% 997 997 0.00% 1007 1026 1.90%

SEH-verpleegkundigen 2009 2025 2009 -0.80% 2040 1985 -2.70% 2056 2054 -0.10%
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that forecasting more years ahead leads to higher difference percentages and that forecasting one 

year ahead is better than more years.  

Gipsverbandmeester and Radiodignostisch laboranten have a large increasing difference 

between the forecasted and the actual supply when the time period is longer. The cause for these 

high difference percentages are different for both proffessions. The supply for Gipsverbandmeester 

had been forecasted to be decreasing, but the care supply increased instead. The future care supply 

for the Radiodiagnostisch laboranten had been predicted to increase, this is true but the supply 

have been increased more than predicted.  

IC-kinderverpleegkundigen and SEH-verpleegkundigen have similar results on behavior 

of the supply. The supply decreased until 2018 and after that it has increased. Forecasted was that 

the supply would have been increasing. For both professions it holds that in 2019 the care supply 

is almost similar to the forecasted care supply in 2016.  

 

Forecasts care supply made in 2017 versus actual care supply 2018-2019 

Profession
Actual care 

supply in 2017

Forecasted supply 

2018

Actual supply 

2018

Difference

percentage 2018

Forecasted supply 

2019

Actual supply 

2019

Difference

percentage 2019

Anesthesist 2220 2193 2186.1 -0.3% 2166 2205 1.8%

Deskundige Infectie Preventie 257 267 272.41 1.9% 278 284 2.2%

Dialyse 1904 1889 1875.6 -0.7% 1874 1802 -3.8%

Gipsverbandmeester 297 291 318.45 9.4% 285 330 15.8%

IC-kinderverpleeg. 322 317 307.03 -3.0% 312 334 7.1%

IC-neontologie 615 612 617.81 0.9% 610 607 -0.5%

IC-verpleegkundigen 3826 3822 3813.7 -0.2% 3818 3756 -1.6%

Kinderverpleegkundigen 2556 2543 2542.6 0.0% 2530 2443 -3.5%

Klinisch Perfusionnisten 127 124 130.92 5.6% 121 127 5.2%

Obstetrie 2081 2073 2090.7 0.9% 2065 2098 1.6%

Oncologie 2206 2316 2252.6 -2.7% 2426 2324 -4.2%

Operatie assistenten 3966 3915 3991 1.9% 3865 3982 3.0%

Radiodiagnostisch laborant 3445 3451 3709.1 7.5% 3456 3756 8.7%

Radiotherapeutisch laborant 983 990 996.98 0.7% 997 1026 2.9%

SEH-verpleegkundigen 2009 2056 1985.26 -3.5% 2080 2054 -1.3%  
Table 6. Comparison of supply forecasts 2017 made for the period 2018-2019 with the actual supply in period 2018-

2019. 
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In Table 6 the comparison between the actual care supply and the forecasted care supply 

for the period 2018-2019 made in 2017 can be seen. On average the forecast of care supply are 

2.61% higher or lower than the actual care supply in 2018 and 4.21% higher or lower in 2019.  So 

there can be observed that forecasting one year ahead is on average more precise than more years 

ahead.  

For 8 out of the 15 professions there can be observed that the forecasts of the period 2018-

2019 show similarities compared with the actual behavior of the care supply in 2016-2017. It seems 

that the forecasts are building on the current trend of the care supply. These professions are: 

Anesthesist Deskundige Infectie Preventie Dialyse Gipsverbandmeester IC-

kinderverpleegkundigen ic-neontologie verpleegkundigen, Oncologieverpleegkundigen, 

Operatieassistenten and Radiotherapeutisch laborant.  

For the Gipsverbandmeester and Obstetrie verpleegkundigen the actual care supply have 

been increasing instead of the forecasted decreasing.  

Lastly, there can be observed that the actual cares supply of 2019 for the SEH-

verpleegkundigen and the IC-neontologie comes closer to the forecasts made in 2017. The 

forecasts of 2018 for both proffessions has further away from the actual care supply in 2019. This 

is caused by the fact that for both proffessions the care supply have been increasing and decreasing 

over time and therefore the actual care supply has nonlinear behavior.  The forecasts made in 2017 

are linearly increasing/decreasing and therefore the difference percentage for the year 2018 is 

larger. 
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Forecasts care supply made in 2018 versus actual care supply 2019 

In Table 7 the comparison between the actual care supply and the forecasted care supply 

for 2019 made in 2018 can be seen. On average the forecast of care supply are 2.88% higher or 

lower than the actual care supply in 2018. 

The professions Anesthesist, Gipsverbandmeester, IC-kinderverpleegkundigen, 

Oncologieverpleegkundigen, Radiodiagnostisch laborant, Radiotherapeutisch laborant and the 

SEH-verpleegkundigen there can be observed that the supply was forecasted to decrease, but 

instead it has been increased. This is not an odd result for the Anesthesist, IC-verpleegkundigen 

and the SEH-verpleegkundigen, because the supply has been decreasing in the period 2016-2018 

and therefore it might be logic to forecast another year of decreasing supply. For the other 

proffessions this forecast is odd since the care supply of these proffessions have been increasing 

over three years.  

Furthermore, there can be seen that the supply of Dialyse verpleegkundigen, 

Kinderverpleegkundigen and Klinisch perfusionisten have been decreasing faster than forecasted.  

Profession Actual supply 2018 Forecasted supply 2019 Actual supply 2019 Difference percentage 2019

Anesthesist 2186 2161 2205 2.05%

Deskundige Infectie Preventie 272 279 284 1.77%

Dialyse 1876 1834 1802 -1.74%

Gipsverbandmeester 318 314 330 5.07%

IC-kinderverpleeg. 307 296 334 12.84%

IC-neontologie 618 602 607 0.88%

IC-verpleegkundigen 3814 3758 3756 -0.07%

Kinderverpleegkundigen 2543 2502 2443 -2.35%

Klinisch Perfusionnisten 131 129 127 -1.58%

Obstetrie 2091 2051 2098 2.33%

Oncologie 2253 2327 2324 -0.11%

Operatie assistenten 3991 3900 3982 2.09%

Radiodiagnostisch laborant 3709 3676 3756 2.19%

Radiotherapeutisch laborant 997 992 1026 3.36%

SEH-verpleegkundigen 1985 1961 2054 4.72%

Table 7. Comparison of supply forecasts 2018 made for 2019 with the actual supply in 2019 
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For the Klinisch perfusionisten it is remarkable that the forecasted supply in 2019 and after that is 

decreasing, since the care supply have been strictly increasing in the years 2016-2018. 
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4.1.3 Care demand 

On total the demand has increased with 4.1% from 27632 in 2016 to 28779 in 2019. Several 

behavior of care supply in the period 2016-2019 can be distinguished: strictly increasing, strictly 

decreasing or both increasing and decreasing. The professions with strictly increasing care demand 

are Anesthesist, Gipsverbandmeester Obstetrieverpleegkundigen, Onconlogieverpleegkundige, 

Operatie assistenten, Radiotherapeutisch laborant and Radiodiagnostisch laborant and SHE-

verpleegkundigen.  

Proffession Demand growth 2016-2019 Largest growth in year

Anesthesist 3.7% 2017

Gipsverbandmeester 10.2% 2018

Obstetrie 4.8% 2017

Oncologie 16.4% 2017

Operatie assistenten 3.9% 2017

Radiodiagnostisch laborant 13.3% 2018

Radiotherapeutisch laborant 6.9% 2019

SEH-verpleegkundigen 5.8% 2017  

Table 8. Professions with strictly increasing care demand 

The proffessions shwon Table 9 all have to property that the demand has been increased over 4 

years, but in either 2017 or 2018 the demand has been decreased. 

 

                                               

 

For all the other professions the demand has different behavior during the period of 4 years. The 

demand has been fluctuating over time. For Ic-verpleegkundigen, Dialyse verpleegkundigen and 

the kinderverpleegkundigen the demand on total has been decreased over the period of 4 years. 

For the Klnisch perfusionnisten the demand in 2019 is similar to the demand in 2016. Over time 

the demand has decreased and increased in such a way that the total demand in 2019 is similar to 

the demand in 2019.  

Proffession Demand growth 2016-2019

Deskundige Infectie Preventie 10.5%

IC-kinderverpleegkundigen 16.1%

IC-neontologie 8.5%

Table 9. Increased demand 
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4.1.4 Forecasted care demand versus actual care demand 

Forecasts care demand made in 2016 versus actual care demand 2017-2019 

 

 

Table 11. Comparison of care demand forecasts 2016 made for the period 2017-2019 with the actual care demand in 

the period 2017-2019 (expert scenario). 

Profession
Actual 

demand 2016

Forecasted 

demand 

2017 (exp)

Actual 

demand 2017

Difference 

percentage 

2017

Forcasted

demand 2018 

(exp)

Actual 

demand 2018

Difference 

percentage 

2018

Forcasted

demand 2019 

(exp)

Actual 

demand 2019

Difference 

percentage 

2019

Anesthesist 2297 2316 2340 1.1% 2335 2355 0.9% 2354 2382 1.2%

Deskundige Infectie

Preventie
266 275 277 0.9% 283 296 4.5% 292 294 0.8%

Dialyse 1956 1980 1979 0.0% 2005 1948 -2.9% 2030 1896 -6.6%

Gipsverbandmeester 304 306 314 2.6% 308 336 9.0% 310 345 11.3%

IC-kinderverpleeg. 339 357 371 3.8% 375 357 -4.8% 393 394 0.2%

IC-neontologie 630 646 651 0.8% 662 691 4.4% 677 684 0.9%

IC-verpleegkundigen 4185 4245 4045 -4.7% 4305 4113 -4.4% 4364 4067 -6.8%

Kinderverpleegkundigen 2755 2801 2759 -1.5% 2846 2690 -5.5% 2892 2579 -10.8%

Klinisch Perfusionnisten 136 141 135 -4.3% 146 143 -2.0% 151 136 -9.5%

Obstetrie 2093 2105 2152 2.2% 2117 2186 3.3% 2128 2193 3.0%

Oncologie 2137 2235 2314 3.5% 2334 2398 2.7% 2432 2487 2.2%

Operatie assistenten 4067 4087 4095 0.2% 4107 4203 2.3% 4127 4224 2.4%

Radiodiagnostisch 

laborant
3382 3426 3486 1.7% 3471 3776 8.8% 3515 3833 9.0%

Radiotherapeutisch 

laborant
980 989 985 -0.4% 998 1006 0.8% 1007 1048 4.1%

SEH-verpleegkundigen 2106 2139 2165 1.2% 2172 2185 0.6% 2205 2228 1.0%

Profession
Actual 

demand 2016

Forecasted 

demand 

2017 (dem)

Actual 

demand 2017

Difference 

percentage 

2017

Forcasted

demand 2018 

(dem)

Actual 

demand 2018

Difference 

percentage 

2018

Forcasted

demand 2019 

(dem)

Actual 

demand 2019

Difference 

percentage 

2019

Anesthesist 2297 2313 2340 1.2% 2329 2355 1.1% 2345 2382 1.6%

Deskundige Infectie 

Preventie
266 269 277 3.1% 271 296 9.1% 274 294 7.3%

Dialyse 1956 1985 1979 -0.3% 2015 1948 -3.3% 2044 1896 -7.2%

Gipsverbandmeester 304 305 314 2.9% 306 336 9.7% 307 345 12.4%

IC-kinderverpleeg. 339 339 371 9.4% 338 357 5.5% 338 394 16.5%

IC-neontologie 630 635 651 2.6% 639 691 8.1% 644 684 6.2%

IC-verpleegkundigen 4185 4247 4045 -4.8% 4309 4113 -4.5% 4370 4067 -6.9%

Kinderverpleegkundigen 2755 2763 2759 -0.1% 2770 2690 -2.9% 2778 2579 -7.2%

Klinisch Perfusionnisten 136 138 135 -2.2% 140 143 2.1% 142 136 -3.9%

Obstetrie 2093 2101 2152 2.4% 2109 2186 3.7% 2116 2193 3.6%

Oncologie 2137 2166 2314 6.9% 2194 2398 9.3% 2223 2487 11.8%

Operatie assistenten 4067 4095 4095 0.0% 4123 4203 1.9% 4151 4224 1.8%

Radiodiagnostisch 

laborant
3382 3428 3486 1.7% 3473 3776 8.7% 3519 3833 8.9%

Radiotherapeutisch 

laborant
980 994 985 -0.8% 1007 1006 -0.1% 1020 1048 2.7%

SEH-verpleegkundigen 2106 2121 2165 2.1% 2136 2185 2.3% 2151 2228 3.6%

Table 10. Comparison of care demand forecasts 2016 made for the period 2017-2019 with the actual care demand 

in the period 2017-2019 (demographic scenario). 
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In Table 10 the comparison between the actual care demand and the forecasted care demand 

(demographic scenario) for the period 2017-2019 made in 2016 can be observed. On average the 

forecast of care demand are 2.7 % higher or lower than the actual care demand in 2017, 4.8% 

higher or lower in 2018 and 6.8% higher or lower than the actual demand in 2019. This points at 

the direction that on average that forecasting more years ahead leads to higher difference 

percentages and that forecasting one year ahead is better than more years.  

In Table 11 the comparison between the actual care demand and the forecasted care demand 

(expert scenario) for the period 2017-2019 made in 2016 can be observed. On average the forecast 

of care demand are 1.9 % higher or lower than the actual care demand in 2017, 3.8% higher or 

lower in 2018 and 4.7% higher or lower than the actual demand in 2019. This points at the direction 

that on average that forecasting more years ahead leads to higher difference percentages and that 

forecasting one year ahead is better than more years.  

On average it seems that the expert scenario has forecasted the future care demand better 

than the demographic scenario. This is true in 73% of the cases for the forecasts for the years 2017 

and 2018 and for the year 2019 this is true in 67% of the cases.  

The forecasts for professions with strictly increasing demand are lower than the actual 

demand, this holds for both the demographic as well as the expert scenario. For the Operatie 

Assistenten and the Radiotherapeutisch laboraten it holds that the forecasted demand in the year 

2017 was almost similar to the actual demand. In Table 10 and Table 11 the difference percentages 

per profession per year can be seen. These percentages show the deviation of the actual demand 

from the forecasted demand.  

The other professions show different demand behavior and therefore the difference 

percentages are fluctuating between closer and further away because the forecasts are linear.  
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Forecasts care demand made in 2017 versus actual care demand 2018-2019 

Profession
Actual demand 

2017

Forecasted demand 

2018 (dem)

Actual demand 

2018

Difference 

percentage 2018

Forcasted demand 

2019 (dem)

Actual demand 

2019

Difference 

percentage 2019

Anesthesist 2340 2357 2355 -0.10% 2373 2382 0.40%

Deskundige Infectie

Preventie
277 280 296 5.80% 283 294 4.00%

Dialyse 1979 2009 1948 -3.10% 2038 1896 -6.90%

Gipsverbandmeester 314 315 336 6.60% 316 345 9.20%

IC-kinderverpleeg. 371 370 357 -3.60% 370 394 6.50%

IC-neontologie 651 656 691 5.40% 660 684 3.60%

IC-verpleegkundigen 4045 4103 4113 0.20% 4162 4067 -2.30%

Kinderverpleegkundigen 2759 2767 2690 -2.80% 2775 2579 -7.10%

Klinisch Perfusionnisten 135 137 143 4.30% 139 136 -1.80%

Obstetrie 2152 2160 2186 1.20% 2169 2193 1.10%

Oncologie 2314 2345 2398 2.20% 2367 2487 5.00%

Operatie assistenten 4095 4124 4203 1.90% 4152 4224 1.70%

Radiodiagnostisch laborant 3486 3534 3776 6.90% 3581 3833 7.00%

Radiotherapeutisch laborant 985 999 1006 0.70% 1013 1048 3.50%

SEH-verpleegkundigen 2165 2181 2185 0.20% 2196 2228 1.40%  
Table 12. Comparison of care demand forecasts 2017 made for the period 2018-2019 with the actual care demand in 

the period 2018-2019 (demographic scenario). 

Profession
Actual demand 

2017

Forecasted demand 

2018 (exp)

Actual demand 

2018

Difference 

percentage 2018

Forecasted demand 

2019 (exp)

Actual demand 

2019

Difference 

percentage 2019

Anesthesist 2340 2374 2355 -0.80% 2408 2382 -1.10%

Deskundige Infectie

Preventie
277 286 296 3.60% 294 294 -0.10%

Dialyse 1979 1991 1948 -2.20% 2003 1896 -5.30%

Gipsverbandmeester 314 321 336 4.60% 328 345 5.20%

IC-kinderverpleeg. 371 393 357 -9.30% 416 394 -5.50%

IC-neontologie 651 667 691 3.50% 683 684 0.10%

IC-verpleegkundigen 4045 4137 4113 -0.60% 4228 4067 -3.80%

Kinderverpleegkundigen 2759 2817 2690 -4.50% 2874 2579 -10.30%

Klinisch Perfusionnisten 135 142 143 0.20% 150 136 -9.10%

Obstetrie 2152 2191 2186 -0.20% 2230 2193 -1.70%

Oncologie 2314 2422 2398 -1.00% 2529 2487 -1.70%

Operatie assistenten 4095 4141 4203 1.50% 4186 4224 0.90%

Radiodiagnostisch

laborant
3486 3543 3776 6.60% 3599 3833 6.50%

Radiotherapeutisch

laborant
985 998 1006 0.80% 1010 1048 3.70%

SEH-verpleegkundigen 2165 2219 2185 -1.50% 2272 2228 -2.00%  
Table 13. Comparison of care demand forecasts 2017 made for the period 2018-2019 with the actual care demand in 

the period 2018-2019 (expert scenario). 
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In Table 12 the comparison between the actual care demand and the forecasted care demand 

(demographic scenario) for the period 2018-2019 made in 2017 can be observed. On average the 

forecast of care demand are 3% higher or lower than the actual care demand in 2018 and 4.1% 

higher or lower in 2019 This points at the direction that on average that forecasting more years 

ahead leads to higher difference percentages and that forecasting one year ahead is better than 

more years.  

In Table 13 the comparison between the actual care demand and the forecasted care demand 

(expert scenario) for the period 2018-2019 made in 2017 can be observed. On average the forecast 

of care demand are 2.7 % higher or lower than the actual care demand in 2018 and 3.8% higher or 

lower in 2019 This points at the direction that on average that forecasting more years ahead leads 

to higher difference percentages and that forecasting one year ahead is better than more years.  

On average it seems that the expert scenario has forecasted the future care demand better 

than the demographic scenario. This is true in 60% of the cases for the forecasts for the years 2018 

and for the year 2019 this is only true in 53.3% of the cases. Another interesting difference between 

these forecasts is that the forecasts of the demographic scenario are in 73% of the cases too low 

for both years and for the expert scenario the forecasts are in 53% too high in 2018 and 67.7% of 

the forecasts are too high in 2019.  

The actual demand of the Gipsverbandmeester, Operatie assistenten, Radiodiagnostische 

laboranten and the SEH-verpleegkundigen has been increasing faster than predicted. The actual 

demand in 2018 for the Anesthesist and SEH-verpleegkundigen was almost similar to the forecast 

(dem scenario), but the forecast after that and for the expert scenario were higher than the actual 

demand.  

In the period 2017-2019 there are two professions with a decreasing care demand and for 

both of these professions there was predicted that the demand was going to increase. 

For the other professions the demand both decreased and increased in this period and 

therefore the difference percentages provides fluctuating percentages on the closeness.  
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Forecasts care demand made in 2018 versus actual care demand 2019 

Profession
Actual demand 

2018

Forcasted demand 

2019 (dem)

Actual demand 

2019

Difference 

percentage 2019

Forcasted demand 

2019 (exp)

Actual demand 

2019

Difference 

percentage 2019

Anesthesist 2355 2376 2382 0.3% 2405 2382 -0.9%

Deskundige Infectie Preventie 296 298 294 -1.4% 317 294 -7.4%

Dialyse 1948 1983 1896 -4.4% 1972 1896 -3.8%

Gipsverbandmeester 336 337 335 -0.7% 348 335 -3.8%

IC-kinderverpleeg. 357 360 394 9.4% 371 394 6.0%

IC-neontologie 691 697 684 -1.9% 712 684 -3.9%

IC-verpleegkundigen 4113 4155 4067 -2.1% 4225 4067 -3.7%

Kinderverpleegkundigen 2690 2694 2579 -4.3% 2741 2579 -5.9%

Klinisch Perfusionnisten 143 145 136 -6.0% 150 136 -9.4%

Obstetrie 2186 2194 2193 -0.1% 2230 2193 -1.7%

Oncologie 2398 2437 2487 2.0% 2524 2487 -1.5%

Operatie assistenten 4203 4240 4224 -0.4% 4270 4224 -1.1%

Radiodiagnostisch laborant 3776 3815 3833 0.5% 3857 3833 -0.6%

Radiotherapeutisch laborant 1006 1021 1048 2.6% 1025 1048 2.2%

SEH-verpleegkundigen 2185 2202 2228 1.1% 2245 2228 -0.8%  
Table 14. Comparison of care demand forecasts 2018 made for the year 2019 with the actual care demand in 2019  

 

In Table 14 the comparison between the actual care demand and the forecasted care demand 

for both the expert and demographic scenario for the year 2019 made in 2018 can be observed. On 

average the forecast of care demand are 2.5 % higher or lower than the actual care demand in 2019 

for the demographic scenario and 3.5% higher or lower for the expert scenario.  On average it 

seems that the demographic scenario has forecasted the future care demand better than the expert 

scenario. This is true in 67% of the cases for the forecasts.  

Furthermore, there can be observed in the expert scenario that for 13 out of 15 professions 

holds that the actual supply is lower than the forecasted supply. In the case of the demographic 

scenario this holds for 10 out of the 15 professions. 

Among the proffessions with a fluctuating demand: Deskundige Infectie Preventie, Dialyse 

verpleegkundige IC-neontologieverpleegkundigen, IC-verpleegkundigen, IC-

kinderverpleegkundigen, and Klinisch Perfusionisten there can be observed that the demand was 

forecasted to increase, but the demand did actually decrease in these years. This means that the 

actual demand is lower than the forecasted demand.  
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The actual demand for the Anesthesist, Gipsverbandmeester, Oncologie verpleegkundigen, 

Radiodiagnostisch laborant and SEH-verpleegkundigen was higher than the forecasts of 

demographic scenario and lower than the forcasted by the expert scenario.  Altough there can be 

seen that the forecasts for the Anesthest and the Radiodiagnostisch laobarant that the forecasts of 

the demographic scenario are actually really close.  

Furthermore, there can be observed that the demand for Obstetrie verpleegkundige and 

operatie assistenten is forecasted too high for both scenarios. Although the forcasts of the 

demographic scenario come really close to the actual demand.  

Lastly, the demand for both IC-verpleegkundigen and the Radiotherapeutisch laborant was 

forcasted to low by both scenarios. In the case of the IC-verpleegkundigen this is caused by the 

fact that demand has been increasing and decreasing over time, where in the case of the 

radiotherapeutisch laborant the demand has been increased faster than thought over time.  
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4.1.5 Care shortages 

Proffession Shortage growth 2016-2019 Largest growth in year

Anesthesist 268.8% 2017

IC-kinderverpleeg. 361.5% 2017

IC-neontologie 234.8% 2018

IC-verpleegkundigen 94.4% 2018 

Oncologie 72.3% 2018 

Operatie assistenten 296.7% 2018

Radiodiagnostisch laborant 165.5% 2018

Radiotherapeutisch laborant 1050.0% 2019
     

                                                     Table 15                                                                                            Table 16 

Overall have the shortages been growing over a period of four years. The largest growth 

was in 2016-2017 with 66%. In the period 2017-2018 the shortages grew with 27% and in the 

period 2018-2019 the shortages grew with 2.6%.  

The care shortages have been strictly increasing over four years for 8 out of the 15 

professions. In Table 15 the professions can be seen with the shortages growth rate and the year 

the shortages have grown the most. There are 5 professions for which the shortages are larger in 

2019 than in 2019 but for these professions the shortages have also been decreasing for some of 

the years. These results can be seen in Table 16. The shortages have decreased over 4 years for the 

Deskundige Infectie Preventie and the Klinisch perfusionisten. The growth of the shortages seems 

to be very large, but that is also caused by the fact that for some of the professions the shortages 

are really low. Therefore it might be more interesting to look at the shortages as a percentage of 

the supply.  

Noticable, is that the amount of shortages as percentage of the supply is very low for the 

Radiodiagnostisch laboranten, since this is one of the larger professions (> 3000 FTE). 

Furthermore there can be observed that the shortages as a percentage of the supply are very high 

for the klinish perfusionisten (8.5% & 7.1% in both 2016 and 2019, this percentage is also very 

high for the IC-kinderverpleegkundigen (18%) and the IC-neontologie verpleegkundigen (12.7%) 

in the year 2019. These proffessions belong to the smaller proffessions (<1000 FTE). These results 

mean that there are relatively high shortages among the smaller professions. Furthermore, the 

shortages of the supply are also relatively high for the IC-verpleegkundigen 8.3% of the supply. 

This means that there is large care shortages among the largest profession group. In the group with 

Proffession Shortage growth 2016-2019

Dialyse verpleegkundigen 84.3%

Gipsverbandmeester 114.3%

Kinderverpleegkundigen 44.7%

Obsetrie verpleegkundigen 88.0%

SEH-verpleegkundigen 51.5%
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1000 <FTE < 3000 three of the proffessions; SEH-verpleegkundige, Oncologieverpleegkundigen 

and the Anesthesist have a relatively high (more than 7%) care shortages.  

 

Proffession Care supply 2016

Shortages as

percentage of 

supply 2016 

Shortages as

percentage of supply

2019 

Growth in procent 

points

Klinisch Perfusionnisten 142 8.5% 7.1% -1.4

Deskundige Infectie Preventie 252 6.0% 3.5% -2.4

Gipsverbandmeester 297 2.4% 4.5% 2.2

IC-kinderverpleeg. 326 4.0% 18.0% 14.0

IC-neontologie 607 3.8% 12.7% 8.9

Radiotherapeutisch laborant 978 0.2% 2.2% 2.0

Dialyse 1904 2.7% 5.2% 2.5

SEH-verpleegkundigen 2009 4.8% 7.2% 2.3

Oncologie 2043 4.6% 7.0% 2.4

Obstetrie 2044 2.4% 4.5% 2.0

Anesthesist 2249 2.1% 8.0% 5.9

Kinderverpleegkundigen 2661 3.5% 5.6% 2.0

Radiodiagnostisch laborant 3353 0.9% 2.1% 1.2

Operatie assistenten 4007 1.5% 6.1% 4.6

IC-verpleegkundigen 4025 4.0% 8.3% 4.3  

Table 17. Shortages as a percentage of the care supply in 2016 
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4.1.6 Forecasted care shortages versus actual cares shortages 

Forecasts care shortages made in 2016 versus actual care shortages 2017-2019 

Table 18. Comparison of care shortage forecasts 2016 made for the period 2017-2019 with the actual shortages in the 

period 2017-2019 (demographic scenario). 

Table 19. Comparison of care shortage forecasts 2016 made for the period 2017-2019 with the actual shortages in the 

period 2017-2019 (expert). 

Profession

Actual care 

shortage in 

2016

Forecasted 

shortage 2017 

(dem)

Actual 

shortage 2017

Difference 

Percentage 

2017

Forecasted 

shortage 2018 

(dem)

Actual 

shortage 2018

Difference 

Percentage 

2018

Forecasted 

shortage 2019 

(dem)

Actual 

shortage 2019

Difference 

Percentage 

2019

Anesthesist 48 82 120 46% 120 169 40% 158 177 12%

Deskundige Infectie 

Preventie
15 11 20 80% 15 24 61% 18 10 -43%

Dialyse 51 101 75 -25% 152 72 -53% 204 94 -54%

Gipsverbandmeester 7 16 17 7% 25 17 -31% 34 15 -56%

IC-kinderverpleeg. 13 5 49 861% 5 50 858% 5 60 1026%

IC-neontologie 23 24 36 53% 30 73 142% 37 77 110%

IC-verpleegkundigen 160 288 218 -24% 423 300 -29% 557 311 -44%

Kinderverpleegkundigen 94 125 203 63% 166 148 -11% 208 136 -34%

Klinisch Perfusionnisten 12 13 8 -39% 16 12 -27% 20 9 -54%

Obstetrie 50 65 72 10% 88 95 8% 110 94 -14%

Oncologie 94 45 108 140% 60 145 141% 75 162 116%

Operatie assistenten 61 146 129 -11% 231 212 -8% 315 242 -23%

Radiodiagnostisch 

laborant
29 67 41 -40% 108 67 -38% 148 77 -48%

Radiotherapeutisch 

laborant
2 9 3 -68% 18 9 -49% 26 23 -14%

SEH-verpleegkundigen 97 92 156 69% 122 199 63% 152 147 -3%

Profession

Actual care 

shortage in 

2016

Forecasted 

shortage 2017 

(exp)

Actual 

shortage 2017

Difference 

Percentage 

2017

Forecasted 

shortage 2018 

(exp)

Actual 

shortage 2018

Difference 

Percentage 

2018

Forecasted 

shortage 2019 

(exp)

Actual 

shortage 2019

Difference 

Percentage 

2019

Anesthesist 48 89 120 34.2% 135 169 25.0% 181 177 -2.1%

Deskundige Infectie

Preventie
15 16 20 23.4% 25 24 -2.2% 33 10 -69.5%

Dialyse 51 98 75 -23.4% 148 72 -51.5% 199 94 -52.9%

Gipsverbandmeester 7 17 17 -0.2% 27 17 -37.4% 37 15 -59.8%

IC-kinderverpleeg. 13 25 49 95.8% 37 50 35.0% 49 60 22.2%

IC-neontologie 23 36 36 -0.4% 55 73 32.1% 74 77 3.5%

IC-verpleegkundigen 160 289 218 -24.7% 426 300 -29.5% 562 311 -44.6%

Kinderverpleegkundigen 94 155 203 30.9% 234 148 -36.7% 313 136 -56.5%

Klinisch Perfusionnisten 12 17 8 -54.2% 23 12 -48.8% 29 9 -69.4%

Obstetrie 50 71 72 1.5% 102 95 -7.2% 133 94 -29.6%

Oncologie 94 101 108 6.5% 153 145 -5.0% 210 162 -22.8%

Operatie assistenten 61 147 129 -12.0% 233 212 -8.8% 318 242 -24.0%

Radiodiagnostisch 

laborant
29 79 41 -48.4% 130 67 -48.4% 180 77 -57.3%

Radiotherapeutisch 

laborant
2 9 3 -66.7% 17 9 -47.2% 25 23 -8.1%

SEH-verpleegkundigen 97 118 156 32.3% 165 199 20.8% 212 147 -30.5%
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The total shortages for all professions has been increased with 116% from 756 in 2016 to 

1634 in 2019. This is lower than forecasted by both the demographic scenario as the expert 

scenario. The demographic scenario forecasted that the shortages would have been increased with 

173% and the expert scenario forecasted that the shortages would have been increased with 238%. 

In 2016 there was forecasted by both scenarios that the shortages for are growing in the period 

2017-2019.  This is true for the 8 professions that can be seen in Table 15. According to the 

demographic scenario the shortages for Anesthesist, Ic-Kinderverpleegkundigen, IC-neontologie, 

Oncologie have grown faster than forecasted. The shortages have also grown faster for the IC-

verpleegkundigen according to the expert scenario. For the other for proffessions the shortages 

have grown faster or slower than the forecasts made by de expert scenario. These results can be 

seen in table Table 19. The shortages of the Operatie Assistenten, Radiodiagnositsche laboranten, 

Radiotherapeutische laboranten have grown slower than forecasted by the demographic and the 

expert scenario. 

 For the other proffessions the results are more fluctuating since the shortages have 

increased and decreased over time therefore different conclusions can be made. The results for 

these professions can be seen in Table 18 & Table 19. 

Lastly there can be seen, that except for the IC-kinderverpleegkundigen, IC-

neonverpleegkundigen that the forecasts of the care shortages in 2019 were all too high. In the 

demographic scenario this was the case for all proffessions except the Anesthesist, IC-

verpleegkundigen, IC-neontologie and the Oncologie.  

Comparing whether the experts or the demographic scenario is more precise does not really 

make sense, since the difference percentages are very large for almost every profession.  
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Forecasts care shortages made in 2017 versus actual care shortages 2018-2019 

 

 

Table 21. Comparison of care shortage forecasts 2017 made for the period 2018-2019 with the actual shortages in the 

period 2018-2019 (expert scenario). 

Profession
Actual shortage 

2017

Forecasted 

shortage 2018 

(dem)

Actual shortage 

2018

Difference 

Percentage 2018

Forecasted 

shortage 2019 

(dem)

Actual shortage 

2019

Difference 

Percentage 2019

Anesthesist 120 165 169 2.3% 212 177 -16.4%

Deskundige Infectie Preventie 20 14 24 63.3% 19 10 -47.4%

Dialyse 75 114 72 -37.1% 167 94 -43.7%

Gipsverbandmeester 17 24 17 -29.5% 35 15 -57.5%

IC-kinderverpleeg. 49 54 50 -6.9% 58 60 3.1%

IC-neontologie 36 37 73 97.9% 48 77 61.0%

IC-verpleegkundigen 218 264 300 13.6% 340 311 -8.5%

Kinderverpleegkundigen 203 192 148 -23.1% 243 136 -44.1%

Klinisch Perfusionnisten 8 13 12 -8.1% 18 9 -50.3%

Obstetrie 72 86 95 10.4% 119 94 -20.4%

Oncologie 108 69 145 110.7% 83 162 96.4%

Operatie assistenten 129 208 212 2.1% 288 242 -15.8%

Radiodiagnostisch laborant 41 87 67 -23.3% 138 77 -44.5%

Radiotherapeutisch laborant 3 11 9 -19.1% 20 23 10.5%

SEH-verpleegkundigen 156 102 199 95.7% 119 147 24.0%

Profession
Actual shortage 

2017

Forecasted 

shortage 2018 

(exp)

Actual shortage 

2018

Difference 

Percentage 2018

Forecasted 

shortage 2019 

(exp)

Actual shortage 

2019

Difference 

Percentage 2019

Anesthesist 120 182 169 -7.2% 248 177 -28.5%

Deskundige Infectie Preventie 20 19 24 26.6% 29 10 -64.5%

Dialyse 75 104 72 -31.2% 146 94 -35.3%

Gipsverbandmeester 17 30 17 -42.1% 46 15 -67.4%

IC-kinderverpleeg. 49 77 50 -35.2% 105 60 -42.9%

IC-neontologie 36 56 73 31.4% 75 77 2.4%

IC-verpleegkundigen 218 294 300 1.9% 412 311 -24.6%

Kinderverpleegkundigen 203 265 148 -44.2% 361 136 -62.4%

Klinisch Perfusionnisten 8 19 12 -36.3% 30 9 -69.7%

Obstetrie 72 116 95 -18.0% 177 94 -46.7%

Oncologie 108 132 145 9.7% 200 162 -19.0%

Operatie assistenten 129 227 212 -6.6% 333 242 -27.3%

Radiodiagnostisch laborant 41 105 67 -36.5% 174 77 -55.8%

Radiotherapeutisch laborant 3 11 9 -18.3% 21 23 7.0%

SEH-verpleegkundigen 156 158 199 26.2% 198 147 -25.6%

Table 20. Comparison of care shortage forecasts 2017 made for the period 2018-2019 with the actual shortages 

in the period 2018-2019 (demographic scenario). 
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The total shortages for all professions has been increased with 30% from 1255 in 2017 to 

1634 in 2019. This is lower than forecasted by both the demographic scenario as the expert 

scenario. The demographic scenario forecasted that the shortages would have been increased with 

52% and the expert scenario forecasted that the shortages would have been increased with 104%. 

In Table 20 and Table 21 there can be observed that for the expert scenario the shortages 

in 2019 have been forecasted all too high except for the IC-Neontologie and the 

Radiotherapeutisch laboranten. For these two professions the shortages have grown faster than 

forecasted. In demographic scenario the forecasts are all too high except for the IC-

kinderverpleegkundigen, IC-neontologieverpleegkundigen, Oncologie verpleegkundigen, 

Radiotherapeutisch laboraten and the SEH-verpleegkundigen. For these proffessions the shortages 

are higher than forecasted.  

Also for both years there can be observed that the forecasts of the shortages are relatively 

far away from the actual shortages. 

Forecasts care shortages made in 2017 versus actual care shortages 2018-2019 

 

Table 22. Comparison of care shortage forecasts 2018 made for the year 2019 with the actual care shortages in 2019 

(both scenarios) 

Profession
Actual shortage 

2018

Forecasted 

shortage 2019 

(dem)

Actual shortage 

2019

Difference 

percentage 2019

Forecasted 

shortage 2019 

(exp)

Actual shortage 

2019

Difference 

percentage 2019

Anesthesist 169 209 177 -15.0% 233 177 -23.8%

Deskundige Infectie Preventie 24 23 10 -55.9% 41 10 -74.9%

Dialyse 72 149 94 -36.8% 131 94 -28.1%

Gipsverbandmeester 17 23 15 -36.3% 32 15 -54.0%

IC-kinderverpleeg. 50 65 60 -7.4% 77 60 -22.0%

IC-neontologie 73 93 77 -17.1% 108 77 -28.6%

IC-verpleegkundigen 300 384 311 -19.1% 464 311 -33.0%

Kinderverpleegkundigen 148 169 136 -19.3% 233 136 -41.5%

Klinisch Perfusionnisten 12 12 9 -25.9% 18 9 -50.7%

Obstetrie 95 139 94 -31.8% 178 94 -47.1%

Oncologie 145 107 162 51.8% 196 162 -17.3%

Operatie assistenten 212 341 242 -29.0% 371 242 -34.7%

Radiodiagnostisch laborant 67 142 77 -46.0% 185 77 -58.5%

Radiotherapeutisch laborant 9 29 23 -23.1% 35 23 -35.1%

SEH-verpleegkundigen 199 250 147 -41.2% 293 147 -49.8%
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The total shortages for all professions has been increased with 2.6% from 1592 in 2018 to 

1634 in 2019. This is lower than forecasted by both the demographic scenario as the expert 

scenario. The demographic scenario forecasted that the shortages would have been increased with 

34% and the expert scenario forecasted that the shortages would have been increased with 63%. 

In Table 22 there can be seen that for all proffessions except the Oncologie 

verpleegkundigen, the forecasts of the shortages made in 2018 are all larger than the actual 

shortages. Only for the Oncologieverpleegkundigen the forecasts made by the demographic 

scenario was way too low. The demographic scenario was closer in 13 of 15 cases, but the 

differences between the actual shortages and the forecasts are still relatively large for both 

scenarios. Only for the Oncologieverpleegkundigen and the Dialyse verpleegkundigen the expert 

scenario was closer.  

4.1.7 Summary 

The data analysis of comparing the actual supply with the forecasted supply has provided 

insights for both the behavior of the care supply as well as the correctness of the forecasts. On total 

the care supply has been increased with 0.9%. For eight of the professions the supply has been 

increasing over time and for 6 profession the supply has been decreasing over time.  On overage, 

there could be said that forecasting one year ahead leads to a difference of 2-3% between the actual 

care supply and the forecasted supply. Forecasting two or more years ahead leads to a difference 

of 4% between the actual care supply and supply. These differences do not hold for all professions. 

Larger differences are mainly caused by an incorrect forecast of the direction of the growth of 

supply or that the supply has been increasing/decreasing faster or slower than expected.  

Another problem that has been observed is that behavior of care demand that is fluctuating, 

is harder to forecast. The forecasts are relatively close, but it is hard to forecast whether supply 

will have a positive or negative direction. These profession require observation over a longer time 

period to check whether there is some seasonality within these data.  

On overage forecasting care demand one year ahead leads to more precise results. Overall the care 

demand has been increased with 4.1%. For eleven of the fifteen profession care demand has been 

growing over time with an average of 9% growth. The demand has been decreased for three 

professions with an average of 3.4%. For only one profession the care demand in 2019 was equal 

to the care demand in 2016. The average difference percentage is between 2% and 3.5% for both 
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the demographic scenario and the expert scenario. Forecasting two years ahead leads to a 

difference percentages between 3.8-4.8% and for three years 4.7% for the expert scenario and 6.8% 

for the demographic scenario. For all cases except the demographic forecasts made in 2018 the 

expert scenario forecasted the demand closer to the actual value than the demographic scenario. In 

every case and except the demographic scenario 2016 and 2017 of IC-kinderverpleegkundigen 

care  forecasted to increase over the years.Eight of the profession have a strictly increased demand 

but mostly the forecasts were to way loo low or way too high. For the profession with increased 

demand compared to 2016 forecasts creation is harder since the behavior of the demand is non-

linear where the forecasts are. Three profession had a decreasing demand instead of the forecasted 

increasing demand.  

On total the shortages have not increased as fast as forecasted, but the increase was still 

116% in four years. The largest increase was in 2017 with a shortage growth of 66%. The forecast 

of the shortages show very high deviations from the actual values. The expert had forecasted the 

care shortages way to high for many of the professions.  
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 Part II 

Not all datasets contained enough data to create decision trees, therefore decisions trees are 

only made for profession with more than 50 observations.  

All the decision trees with an accuracy of 70% and higher are showing that the mutation of 

the part-time factor influences the correctness of the predictions. For all the professions holds that 

a very negative or a large positive mutation caused incorrect forecasts over time.  

Furthermore, there do not exists accurate decision trees without the part-time factor for the 

supply forecasts for 2017 made in 2016 versus actual supply 2017 and the forecasts for 2018 made 

in 2018 versus actual supply 2018. This holds for all professions except the IC-verpleegkundigen 

with the comparison between the forecasts of 2017 made in 2016 and the actual supply in 2017. 

For almost every profession, except Dialyse verpleegkundigen, Gipsverbandmeester and 

Radio diagnostische laborant, a decistion tree with part-time factor is created for the forecasts made 

in 2017 for 2019 exists. These trees have some similarities, because of the mutation of the part-

time factor but overall there does not exist a relation between all these trees. 

For the Obstetrie verpleegkundigen (and Gipsverbandmeester) the variable T of student 

outflow does not play a role within incorrect forecasting the future care supply.  

For the Anesthesist, Deskundige Infectie Preventie, Kinderverpleegkundigen (and Diaylse 

verpleegkundigen) the variable M6 does not play a role within incorrect forecasting the future care 

supply. Furthermore for Anesthesist, Deskundige Infectie Preventie and Dialyse verpleegkundigen 

hold that a high retirement rate is causing incorrect forecasts.  

Only one tree could be created for the Dialyse verpleegkundigen and the Gipsverbandmeester. 

For all the other professions it holds that all variables are playing a role whether forecasts are bad 

or good.  
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5 Discussion 

This thesis was focused on the behavior of care demand and supply, the factors that are 

influencing care demand and supply and the correctness of the forecasts made of care demand and 

supply. From the literature followed that workload, salaries, an aging population and financial 

resources and the education are influencing the care supply (Zurn et al, 2004; Buchan &Aiken, 

2008). The influence of workload and salaries were captured under the variable M6 and L and the 

graduated students was captured under the variable T. The influence of the influential factors were 

unknown, but from the literature was obtained that these factors have a certain effect. Influential 

factors for care demand were financial resources, geographical factors, cultural factors and socio 

demographic factors (growing population, aging population and the types of diseases) (Zurn et al, 

2004). The socio-demographic factors are formed by the variable J. For both care demand and care 

supply not all influential factors are including within the data analysis, since I did not acquired that 

data.  

On overage, there could be said that forecasting one year is better than forecasting more 

years ahead for both care demand and care supply.  For both professions there was observed that 

on average the forecast were at most 6.8% away from the actual values. These differences do not 

hold for all professions. Larger differences are mainly caused by an incorrect forecast of the 

direction of the growth of care supply and/or care demand or that the care supply and/or care 

demand has been increasing/decreasing faster or slower than expected. On level of the following 

professions Gipsverbandmeester, IC-verpleegkundigen, Radiodiagnostische laboranten and 

Klinsich Perfusionisten care supply forecasts showed large difference percentages. These 

professions require extra attention when creating care supply forecasts in the future. On the 

demand side there are shifting results about which professions show high difference percentages. 

For certain is that for the Anesthesist, IC-neontologie, Obstetrie, Oncologie, IC-verpleegkundigen 

have shown low difference percentages for forecasting care demand. 

Forecasting the shortages, seem to be hard for every profession. The forecasts were way 

too high or way too low for every year for all professions. Besides these results, there can be 

concluded that current total shortages are equal to 1634 FTE and those shortages have not be 

growing as fast as thought between 2016 and 2019. But still, the shortages have been doubled.  

However, the current shortages are still way lower than was forecasted in 2016 by both scenarios.  



56 

 

The shortage growth was largest in 2017 with a total increase of 66%. Which leads to the question 

of why the care shortages have grown so fast in this year. In 2019 the total shortages have grown 

with only 2.6%. So, shortages have been growing very fast between 2016 and 2019, but the largest 

growth was in 2019 and after the shortages have been slower. This might imply that within this 

period something was done to stop the enormous growth of care shortages or that something else 

happened. Given the data, only suggestions can be made about what could have happened that the 

shortages stopped growing very fast. These suggestions are about the size of outflow of employees, 

inflow of students, a slower increasing demand or even a decreasing demand.  

Lastly, there was investigated which factors are influencing the incorrect forecasts on the 

supply side. For all professions, there was observed that a very high positive and/or a very negative 

mutation of the part-time factor is causing incorrect forecasts. For four of the professions the 

variable M6 has no influence on the incorrectly forecasting the supply and for two profession the 

variable T has no influence on incorrectly forecasting supply. For the remaining professions all 

combinations of variables were present as cause of incorrect forecasts.  

 

 Limitations  

This study is limited to of care demand, care supply and care shortages as a total. Therefore 

no conclusions can be drawn for professions at the level of the hospitals or region. These 

conclusions might be different form the conclusions made on the total. 

This thesis provided several suggestions for factors influencing care demand and care 

supply. However, this thesis was limited to acquired data and therefore this studies only 

predetermined factors that are influencing care demand and care supply were included. This study 

was also not able to determine the actual influence of the provided variables influencing care 

demand and care supply. This was due to the fact that there is no real data available for the variables 

M5, M6, L and T. 

Furthermore, the forecasts made by the Advisory’s committee’s plan are actually made for 

a period of seven years. Since, this research has only checked the correctness of three years, some 

of the calculated forecast for the period 2017-2019 might be incorrect. This holds for the variable 

T and the variable M6.  For both variables you know for sure what the value will be in seven years, 
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but not for 3 years or less. Since these variables have been scaled back to 1-3 years forecasts, the 

calculated forecasts might differ more from the actual values.   

Another limitation of the forecasts is that the forecasts are made linear in these studies and 

the actual values are not always following a linear trend. Therefore, we do not know for sure 

whether the shortages will be as high as thought in the equilibrium year.  

Based on the decision trees, this study was only able to provide a small insight on which 

factors are causing incorrect care supply forecasts. As result this also provided little information 

for the factors causing incorrect care demand and care shortages forecast. Another problem with 

the trees is that for many years and profession accurate trees could not have been created, so the 

factors influencing the correctness could not have been checked. The trees have at most a 

correctness of around 80% which is still on the low side, because still 20% has been classified 

incorrectly and therefore the cause of the incorrect forecasts remains unknown.   

 Recommendations for practice and further research 

This thesis has shown that the care shortages do not seem to grow as fast and that the 

shortages won’t be as high in the equilibrium year as thought. The problem is that, it still vague 

which variables are causing the incorrect forecasts. To solve these problem, I would suggest to 

collect the actual data of M6, M5, L, T and use these to determine whether the forecasts were 

correct and also check whether care supply and demand are sensitive for specific values for these 

variables. This has the potential to increase the correctness of forecasts made in the future and 

explain why the shortages have been increased very fast in the year 2017. 

Earlier we have seen that variable K (change in part-time factor) was fixed at zero. Within 

the results of the decision trees we have seen that the change in part-time factor is one of the most 

important factors causing incorrect forecast. Therefore I would suggest to take these changes into 

account within the model. This can be done in such a way that this variable will be included in the 

questionnaires for the hospitals and ask the hospitals for potential (policy) changes. 

As pointed out before, this research is only based on the national level but also has potential 

on regional level. It might be that that regions have different care demand, supply and shortages 

behavior and these regions have similarities among the professions when it comes to incorrectly 

forecasting care demand, supply and shortages. 
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Appendix I 

 

Figure 3. Rekenmodel AVP-raming 2018 versie 15-04-2018 
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Table 23. Explanation variables 

Variable Variable dimension Variable description Variable source Variable code

A Care supply FTE Qualified employed FTE’s on payroll Hopitals Green

A1 Care supply name PNIL FTE Qualified FTE’s not on payroll Hospitals Green

B Vacancies base year FTE Hard-to-fill vacancies Hospitals Green

C Amount of employee Integer Qualified employed employees Hospitals Green

D Inflow this year and earlier of 

students
Integer Amount of students that started their education College Zorg Opleidingen Black

E Duration education Years College Zorg Opleidingen Black

G Care demand base year in FTE Requested care by the population Hospitals Green

H Part-time factor (A/C) Percentage The proportion of the hours worked by the employees and the total FTE. Calculation: (intermediate result) Pink

J1 Change according demographics Percentage/year Change in care demand based on geographical information Onderzoekregio plan Black

J2 Change according experts Percentage/year Change in care demand based on information obtained from experts within hospitals Expert-opinion institution and national experts Black

K Percentage change part-time factor Percentage/year No input Black

L Expected inflow elsewhere FTE/year Inflow of qualified employees from other hospitals or institutions No input Black

M5 Personal age>60 FTE/year Amount of qualified employed FTE’s older than 59 year Hospitals Green

M6 Outflow employees age <60 FTE/year Expected outflow of qualified employees younger than 60 year Hospitals Green

N Intern graduation percentage Percentage Percentages that graduates for the education program College Zorg Opleidingen Black

O Extern graduation percentage Percentage Percentages that graduates for the education program Research KBA Nijmegen Black

P1 Care demand equilibrium year (dem) FTE Expected requested care by the population after 7 years (expected by the demographic scenario) Calculation  of intermediate result Pink

P2
Care demand equilibrium year (exp) FTE Expected requested care by the population after 7 years (expected by the demographic scenario) Calculation of intermediate result Pink

R1
Shortage/surplus (dem) FTE

Expected difference between the available care and the requested care after 7 years

(expected by the demographic scenario)
Calculation of Final result Red

R2
Shortage/surplus (expert) FTE

Expected difference between the available care and the requested care after 7 years

(expected by the demographic scenario)
Calculation of Final result

Red

T FTE from education FTE/year Expected graduated students that will be employed in hospitals Calculation of intermediate result Pink

V Care supply equilibrium year FTE Expected requested care by the population after 7 years Calculation of intermediate result Pink

W1
Required inflow students (dem) FTE/year

Expected required inflow of students to cover potential shortages in the health care

(expected by the demographic scenario)
Calculation of Final result Red

W2 Expected required inflow of students to cover potential shortages in the health care
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Figure 4. Structure of workforce planning for medical specialist in the Netherlands 
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6 Appendix II 

Anesthesie 

The datasets of the Anesthesie contain 75 hospitals who have been participating over four 

years. Both demand and supply are above 2000 FTE. Supply have been decreased from 2248.8 to 

2186.1 FTE and demand have been increased from 2296.5 to 2382 in the period 2016-2018. 

Therefore, shortages have been increased as well. The shortages increased from 47.70 FTE to 

168.84 FTE, this a growth of 250%. In 2019 the supply had increased, but also the demand had 

been increased so the shortages increased as well. This time the shortages growth was only 5.1%. 

The hospitals with shortages did also increase in the period 2016-2018 from 24-48 and the average 

shortages did also increase with it. This implies that both shortages and the hospitals with shortage 

had been increased, but it the year after the amount of hospitals with shortages decreased but the 

amount of shortages per hospital increased.  

Expected was that the demand will be increasing and the supply will be decreasing in the 

years 2016-2018. There was not expected in 2016 and 2017 except the expert scenario in 2017 that 

the supply will have been decreased that much. There was also not expected in 2016-2018 for the 

demographic scenario that the demand would grow this fast in the years 2016-2019. The experts 

predicted that the demand have grown this fast. In 2016-2017 the shortages have grown way faster 

than predicted, because of a faster decrease of the supply and a faster increase of the demand. The 

predictions for the shortages made in 2017 for 2018 are actually really close to the real shortages, 

but when the shortages for 2019 the predictions made in 2017and 2018 were way to high. In this 

case the shortages prediction of 2016 expert scenario comes really close to the actual shortages. 

Important is to realize is that the predictions on the total demand and supply were at most 2% to 

low or too high. This could not be said about the predictions on individual level. On average 67% 

of the demand and supply cases are predicted correctly within a 10% range from the real demand 

and supply one year ahead. When predicting two or more years ahead in time, only 50% of the 

demand and supply is predicted correctly.  

Deskundige Infectie preventie 

The dataset of the Deskundige infectie preventie contain 71 hospitals who have been 

participating over four years. Both demand and supply have increased from 250 to around 300 
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FTE. In the years 2016-2018 There can be observed that demand grew faster than the supply, 

which caused a shortage increase over the years. Also the amount of hospitals with shortages grew 

in this period and in 2018 the amount of shortages per hospital has also grown. Since the demand 

decreased in 2019 and the supply increased, the shortages and the amount of hospitals with 

shortages did decrease. The demand in 2018 grew faster than predicted in 2016 and 2018 (dem 

scenario). Furthermore, the demand in 2019 did not grow as fast as predicted by the expert is 

317.42, but more as fast as the demographic scenario of 2018 and the expert scenario of 2016 and 

2019. The supply in 2017-2019 did not grow as fast as predicted in 2016. In the period 2017-2018 

the supply was predicted lower than the actual supply in 2019. Since the demand had increased 

faster than expected and supply increased slower than expected, the predicted shortages in the 

period 2017-2018 were higher than predicted except 2016 expert scenario. There can also be 

observed that the same trend was expected in for the year 2019. This can be seen in the fact that 

shortages are predicted way too high for the year 2019. Important is to realize is that the predictions 

on the total demand and supply were at most 8% to low or too high. This could not be said about 

the predictions on individual level. The predictions of demand and supply for one year ahead made 

in 2016 and 2017 are correct for only 50% of the hospitals and for two or more years this is only 

40% on average. The predictions made in 2018 for the year 2019 have been correct for 64% of the 

hospitals on average.  

 

Dialyse  

The dataset of the Dialyseverpleegkundigen contains 55 hospitals who have been 

participated over four years. Demand and supply are both above 1800 FTE. The total supply has 

been decreased faster than the total supply, therefore the shortage have been grown. The hospitals 

with shortages have also been grown, so on average the shortages per hospital remain the same. 

There has been forecasted that demand will be increasing, but it has been decreasing over the years. 

The supply have been decreasing faster than forecasted. Since both supply and demand have been 

decreasing the shortages have not been increasing as fast and big as expected. This implies that 

the forecasted shortages might not be as big as forecasted. There can also be observed that the 

predictions made for both demand and supply have been predicted correctly in almost 80% of the 

case for the year 2017. After that the year 2016 loses some power, but in 2019, still 60% of the 
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cases have been predicted correctly. The prediction year 2017 has predictive power of only 60% 

for both 2018 and 2019. For the year 2018 the predictions of supply were almost 95% correct and 

for demand this was around 75%. 

Gipsverbandmeester  

Supply and demand are above 300 FTE. The total supply and demand have been increasing 

over the years. The supply increased from 297.06 to 329.92 and the demand from 303.99 to 334.78.  

Especially in the year 2017 the demand have been increased very fast compared to the supply, this 

caused an increased number of vacancies. In 2019 the supply have been increased and the demand 

has slightly decreased and therefore the vacancies have been decreased in 2019. The amount of 

hospitals with vacancies has also been increasing in the period 2016-2018 and therefore the 

shortages per hospital stayed on average the same. In 2019 the vacancies and the amount of 

hospitals has been slightly decreased. When looking at the results of the equilibrium years 

compared to the base-years the shortages will potentially be lower than forecasted. 

The demand and supply have been increasing faster than forecasted. Where supply over 

the years has been increasing faster than demand and therefore the real shortages were lower than 

the expected shortages, especially in the years 2018-2019.  

In 2016 and 2017, predicting one year ahead leads to a correct prediction percentage of 57% 

for both demand and supply. The predictions made in 2018 for the year 2019 have been correct for 

60% of the hospitals on average.  

 When predicting more years ahead this leads to percentages between 30-45%.  

IC-kinderverpleegkundigen  

The dataset of IC-kinderverpleegkundigen contains 8 hospitals who participated over time. 

The low amount of hospitals is caused by the fact that there are limited hospitals with this 

profession. The supply increased from 326 to 333.71 and the demand from 339 to 393.51 in four 

years.. Supply has been decreased between 2016 and 2018 and the demand have been increased 

over these years, which lead to increased shortages. In 2019 the supply has been increased but the 

demand has increased faster, which caused again an increased amount of shortages. The amount 

of hospitals with shortages has been increasing slightly, which means that shortages per hospital 
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have been growing. The shortages in 2019 already exceeded the predicted shortages for the 

demographic scenario in 2023, this implies that shortages have been increasing faster than thought. 

Shortages predicted in 2016 for 2017-2019 were way too low, but the shortages predicted in 2017 

for 2018-2019 and 2018 for 2019 were predicted to high.  

Demand have been increasing faster than expected in the years 2016-2019 and supply has 

been increased slower than expected in 2016 for the years 2017-2019. The supply predicted in 

2017 for 2018 have been higher than the real supply. Most forecasted for supply are too low since 

it has increased after a decrease.  Predictions made for the demand in 2019 in 2016-2018 are all 

too low, this is the case since the demand has been increased faster than expected. 

The correct predictions made for demand are decreasing the more years are forecasted. The 

correct predictions for supply stay around 50% and where the correct predictions for demand are 

decreasing from 50% to 25% in 2-3 years. 

IC-neonatologieverpleegkundigen 

The dataset of IC-neonatologieverpleegkundigen contains 15 hospitals who continuously 

participated over time. The low amount of hospitals is caused by the fact that there are limited 

hospitals with this profession and that not all hospitals did not participate continuously over time. 

The supply had grown from 607.14 to 617.81 FTE in 2016-2018, but in 2019 the supply decreased 

to 606.88 FTE.  The demand have been ifrom 630.14 FTE to 683.78 FTE. The demand in 2019 

decreased a little bit compared to 2018. Since the supply increased slower than the demand, the 

shortages grow from 23 in 2016 to 76.9 FTE in 2019. The amount of hospitals with shortages grew 

from 7 to 10 hospitals, so on average the shortages per hospital have also been grown. The 

shortages in 2019 already exceeds the shortages predicted by the demographic scenario in 2016 

for 2023 (62.87 FTE). This implies that shortages have been growing faster than expected. There 

can be observed that shortages in 2017-2019 have grown faster than expected in 2016-2017. The 

shortages have not grown that fast in 2019 as expected in 2018, this might be caused by the fact 

that the demand had been decreased.  

The demand in 2017-2019 have been growing faster than expected in 2016 and 2017. The 

demand have been growing slower in 2019 than expected in 2018. The correctness of the 
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predictions within a range of 10 % for supply and demand for one year ahead were 67%. For more 

years ahead this was around 53%. 

IC-verpleegkundigen 

The dataset of IC-verpleegkundigen contains 74 hospitals who have continuously 

participated over time. The supply have been decreased from 4024.6 FTE in 2016 to 3755.8 in 

2019. Were it have been decreased most fast in 2017 and 2019. The demand had been decreasing 

and increasing over time, but at the end it decreased from 4184.8 FTE in to 4066.7. Since the 

supply had decreased very fast compared to demand, the shortages have been grown very fast. The 

shortages grew from 160.25 to 310.87 FTE. In 2017 the average shortages per hospital had stayed 

the same, but in 2018 and 2019 the shortages per hospital did grow. The shortages did not grow as 

fast as expected.  

In 2016 was expected that the demand will be growing in the years 2016-2019, this was 

only true for the year 2017. In 2017 and 2018 there was also expected that the demand will be 

growing for 2019, but the demand actually decreased. The supply predicted in 2016 and 2017 for 

the years 2017 and 2018 decreased faster than thought. But on the total the predictions for supply 

and demand were at most 7% of, but this does not hold for all the individual hospitals. The 

correctness of the predictions within a range of 10 % for supply and demand for one year ahead in 

time in 2016-2018 were 70%. For more years this is around 58% 

Kinderverpleegkundigen 

The dataset of IC-verpleegkundigen contains 73 hospitals who have continuously 

participated over time. The supply have been decreased from 2660.7 FTE in 2016 to 2442.7 in 

2019. The demand had been increased from 2755 to 2759 FTE and after that it decreased to 2578.8. 

In the year 2017 the supply have decreased fast compared to the demand and therefore the 

shortages have grown. Also the amount of hospitals with shortages have grown and so did the 

average shortages per hospital. After 2017 the demand have been decreased faster than the supply, 

so the shortages have been decreased, but the amount of hospitals with shortages remained almost 

the same. So the shortages have been decreased per hospital, but the hospitals with shortages have 

not changed over time. In 2017 the shortages have been predicted to low, but after that the 

shortages have been predicted to large, since the shortages have been decreasing instead of the 
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increasing. This results in larger difference between the actual shortages and real shortages, 

sometimes the differences are almost 100%.   

The demand have been decreasing, were it had been expected to increase over time. The 

supply have been decreasing faster than expected. The correctness of the predictions of demand 

and supply within a range of 10 % for supply and demand for one year ahead in time in 2016-2018 

were 60%. For more years this is around 47% 

Klinisch perfusionisten 

The dataset of IC-verpleegkundigen contains 16 hospitals who have continuously 

participated over time. The supply had been grown from 124.20 to 130.92 FTE in the years 2016-

2018, after 2019 the supply have been decreased to 127.40 FTE. The demand had been dcreased 

in the year 2017, has been increased in 2018 and has been deceased in 2019. This result that the 

shortages are decreasing and increasing over the years. Shortages have been predicted more 

between 50% and 200% higher than the real shortages, which might imply that shortages will not 

grow that much over time. Only in 2018 the shortages predicted by the demographic scenario came 

close to the actual shortages, this also hold for the demographic prediction made in 2018 for 2019. 

Predcting 1-2 years ahead in 2016 results 50% correctly predicted supply and demand. Predicting 

two years ahead in time for 2017 and three years ahead in time for 2016 results in supply and 

demand predicted correctly for 35% of the time. Predicting one year ahead in time leads to an 

average of 55% correctness.  

Obstetrieverpleegkundigen 

The dataset of obstetrieverpleegkundigen contains 69 hospitals who have continuously 

participated over time. The supply have been increased from 2044 FTE in 2016 to 2098.4 in 2019. 

The demand have been increased from 2093.4 to 2192.9. This means that demand have been 

increased faster than the supply, especially in the year 2017. Since the demand had increased faster, 

the vacancies also increased over the years. There was a small increase of vacancies in the year 

2019. The amount of hospitals with increasing shortages have also been increased and on average 

the shortages are increasing per hospital. In 2016 there are 22 hospitals with vacancies and in 2019 

there are 37 hospitals with shortages. Shortages have been increasing faster than predicted in the 

years 2016-2018 by the demographic scenario and lesser than had been predicted by the expert 
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scenario of 2016-2017 for 2018. The shortages 2019 have also been increased slower than had be 

predicted in the years 2016-2019 

The demand of 2017-2019 have been increased faster than predicted in 2016-2017 

according to the demographic scenario (for 2016 also the expert scenario). The demand predicted 

by the expert scenario in 2018 and 2019 have been lower than predicted. The supply have been 

increased faster than had been predicted in all years. Both supply and demand have been predicted 

within a 2.6% range from their real value. The problem is that this does not hold for hospitals on 

individual level. Demand is predicted correctly on average for 67% of the cases for 1-3 years. This 

does not hold for the supply, supply have been predicted correctly 75% of the times when 

predicting one year ahead. This has been decreased to around 50% for predicting 2 or more years 

ahead.  

 

Oncologieverpleegkundigen 

The dataset of oncologieverpleegkundigen contains 75 hospitals who have continuously 

participated over time. The supply have been increased from 2043 FTE in 2016 to 2324.2 FTE in 

2019. The supply in 2017 have been decreased slightly compared to 2016, but after that the supply 

even grew beyond the supply of 2016.  The demand have been increased from 2136.8 to 2486.7 

FTE. The demand have been increasing faster than the supply and therefore the shortages have 

grown from 93.72 FTE in 2016 to 162.45 in 2019. The amount of hospitals have also grown, the 

amount have grown from 25 to 37, where the shortages per hospitals also have been increased. 

The shortages have grown way faster than predicted by the the demographic scenario. The 

shortages in 2016-2018 have grown has fast as predicted by the expert scenario, but in 2019 the 

shortages have been predicted way higher than the real shortages. The shortages of 2019 (162.45 

FTE) are already exceeding the shortages predicted for the year 2024 in 2017. This means that 

shortages have grown faster than thought in 2016-2017 by the demographic scenario, but they 

seem not to grow as fast as thought in 2018-2019.  

The demand in the years 2016-2019 have been increased faster than had been predicted in 

the year 2016 by the demographic scenario. The expert scenario of 2017-2018 is often close to the 

predictions for the years 2018-2019.  Supply have been decreased slower  in 2017 than predicted 
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in 2016. The supply have been increased slower in 2018-2019 than predicted in 2016-2017. The 

supply have been predicted correctly in the year 2018 for 2019. All the predictions of demand and 

supply are within a range of 7.5%, but this does not hold for all the individual hospitals. Predicting 

demand one year ahead in time, implies on average a correct amount of  47%. Predicting two years 

ahead results in a correctness of 33% and for three years the correctness is only 23%.  

 

Operatieassistenten 

The dataset of operatieassistenten contains 75 hospitals who have continuously participated 

over time. The supply have been decreased from 4006.7 FTE in 2016 to 3966.3 FTE in 2017. After 

that the supply have been increased from 3966.3 to 3981.5 FTE in 2019. The demand have been 

increased from 4067.7 FTE in 2016 to 4224.4 FTE in 2019. The strongest increase was in the year 

2018. Since the supply has stayed the almost the same over the years and the demand have been 

increased very fast, the shortages have grown very fast over the years. The amount of hospitals 

with shortages have been increased as well as the shortages per hospital. The shortages in 2019 

have not be increased that fast as predicted, but the shortages for the years 2016-2017 have grown 

as fast predicted.  

The predicted demand in the years 2016-2017 for the years 2018-2019 had been smaller 

than the actual demand in the years 2018-2019. The predictions of 2018 for 2019 came really close 

to the real values. Since the supply has been decreasing and increasing over time, it was harder to 

correctly predict demand and supply. Overal the supply and demand predictions are at most 3.5% 

away from the real demand and supply, but this does not hold for all the individual hospitals. On 

average for 76% of hospitals  supply/demand are predicted correctly for 1-2 years ahead in time. 

For 60% of hospitals the demand/ supply is predicted correctly for 3 years ahead in time.  

  



69 

 

Radiodiagnostische laboranten 

The dataset of radiodiagnostische laboranten contains 65 hospitals who have continuously 

participated over time. The supply have been increased from 3352.8 FTE in 2016 to 3756 FTE in 

2019. The strongest increase was in the year 2018 where the demand have been increased from 

3445.4 in 2017 to 3709.1 in 2018. The demand have been increased from 3381.8 FTE in 2016 to 

3832.8 FTE in 2019. The strongest increase was also in the year 2018. The demand have grown a 

little bit faster than the supply and therefore the shortages have increased. The amount of hospitals 

with shortages have also been increased, but on average the shortages became smaller per hospital. 

The predicted shortages over all the years are higher than the actual shortages, so it might be that 

shortages will not be as high as expected.  

The predicted demand in 2016-2017 for the years 2017-2018 was around 8% lower than 

the actual domand. The prediction made in 2018 for 2019 came actually close to the real demand. 

Supply have also been increasing faster than expected. The percentages of hospitals with correct 

predicted demand and supply is around 70% and predicting more years in time the percentage of 

correct predictions is around 55%.  

Radiotherapeutische laboranten 

The dataset of radiotherapeutisch laboranten contains 18 hospitals who have continuously 

participated over time. The supply have been increased from 978.44 FTE in 2016 to 1025.51 FTE 

in 2019. The supply have been increased from 980.44 FTE in 2016 to 1048.01 FTE in 2019. The 

demand in the years 2018-2019 have been increased faster than de supply and therefore, the 

shortages have increased more during this years. The amount of hospitals with shortages have also 

been increased and on average the amount of shortages have also been increased. Predictions for 

both demand and supply came close to the real values of demand and supply. The shortages have 

grown less than expected in the years 2017-2018. The shortages in 2019 are less than expected in 

2018, but near to the predictions of 2016 and 2017. For almost every hospital the amount of supply 

and demand is predicted correctly, when predictin one year ahead. For predicting more years ahead 

the demand and supply is predicted correctly for 83%. 
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SEH-verpleegkundigen 

The dataset of the SEH-verpleegkundigen contains 18 hospitals who have continuously 

participated over time. The supply have been increased between 2016 and 2019 from 2008.74 to 

2053.51 FTE. The supply stayed the same in 2016-2017, then the supply had been decreased in 

2018 and in 2019 the supply have been increased to 2053.51 FTE. The demand have been grown 

from 2105 FTE to 2227.62 FTE in four years.  Since the demand grew  and the supply decreased 

the shortages between 2016 and 2018  have grown from 97.08 FTE to 199.29. In 2019 the supply 

have been increased more than the demand and therefore the shortages have been decreased to 

174.17 FTE. The amount of hospitals with shortages increased in 2016-2017 from 34 to 53 and 

decreased in 207-2018 to 49 and in 2019 it decreased to 39. On average the shortages per hospital 

have grown over the years and most in 2018 and 2019. Shortages for the years 2017 and 2018 were 

predicted to loo in the period 2016-20017. The predicted shortages for 2019 were predicted too 

low by the demographic scenario of 2016 and 2017 and too high for the expert scenario’s of  2016, 

2017 and 2018. Also the demographic scenario of 2018 predicted the shortages too high for 2019. 

It is uncertain at the moment what the behavior of the shortages will be over time, since supply 

have been increasing and decreasing over time.  

The predictions of supply and demand are at most 5% away from their real values, this does 

not hold for al the individual cases. The percentage of hospitals with correct predicted supply and 

demand is around 64% when predicted one year ahead. When predicting more years ahead this 

percentage of hospitals is around 50%.  
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8 Appendix III (decision trees) 

 Anesthesist 

Since, the correctly classified ‘bad’ predictions is very low and, there cannot be drawn 

conclusions about which factors are influencing  ‘good’ and ‘bad’ predictions.  

Dataset 2016 prediction 2017 

The decision tree for Anesthesist without the part-time factor contains 18 observations with 

a ‘bad’ prediction and 57 with a ‘good’ prediction. The model has an accuracy of 80% and has an 

average error of 25.33%. 38.9% of the ‘bad’ predictions have been classified correctly and 93% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions.  

The decision tree for Anesthesist with the part-time factor contains 18 observations with a 

‘bad’ prediction and 57 with a ‘good’ prediction. The model has an accuracy of 80% and has an 

average error of 33.33%. 66.7% of the ‘bad’ predictions have been classified correctly and 91.2% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions 

Dataset 2016 prediction 2018 

The decision tree for Anesthesist without the part-time factor contains 33 observations with 

a ‘bad’ prediction and 42 with a ‘good’ prediction. The model has an accuracy of 73.3% and has 

an average error of 46.7%. 60.1% of the ‘bad’ predictions have been classified correctly and 83.33% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions 

The decision tree for Anesthesist with the part-time factor contains 33 observations with a 

‘bad’ prediction and 42 with a ‘good’ prediction. The model has an accuracy of 76% and has an 

average error of 48%. 75.8% of the ‘bad’ predictions have been classified correctly and 76.2% of 

the ‘good’ predictions have been classified correctly.   
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The predicted supply is classified as bad when: 

- The mutation of the part-time factor is larger than or equal to 13% or; 

- The mutation of the part-time factor is smaller than 13% and; 

o The predicted outflow of retired employees by 2018 is  smaller than 0.0014 FTE 

per employed FTE and; 

  the predicted outflow of age <60 is smaller than 0.059 FTE per employed 

FTE or; 

o The predicted outflow of retired employees by 2018 is  larger than or equal to 

0.0014 FTE per employed FTE and;  

 The outflow of students is predicted smaller than 0.042 FTE per employed 

FTE. 

The predicted supply is classified as good when: 

- The mutation of the part-time factor is smaller than 13% and; 

- The predicted outflow of students by 2019 is smaller than 0.11 FTE per employed FTE 

and; 

o The predicted outflow of retired employees by 2018 is  smaller than 0.0014 FTE 

per employed FTE and; 
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  the predicted outflow of age <60 is larger than or equal to  0.059 FTE per 

employed or; 

o The predicted outflow of retired employees by 2018 is  larger than or equal to 

0.0014 FTE per employed FTE and;  

 The outflow of students is predicted larger than or equal to 0.042 FTE per 

employed FTE. 

 

Dataset 2016 prediction 2019 

The decision tree for Anesthesist without the part-time factor contains 45 observations with 

a ‘bad’ prediction and 30 with a ‘good’ prediction. The model has an accuracy of 70.1% and has 

an average error of 48%. 57.8% of the ‘bad’ predictions have been classified correctly and 86.7% 

of the ‘good’ predictions have been classified correctly. Since, the correctly classified ‘bad’ 

predictions is too low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions 

 

The decision tree for Anesthesist with the part-time factor contains 45 observations with a 

‘bad’ prediction and 30 with a ‘good’ prediction. The model has an accuracy of 76% and has an 

average error of 53.3%. 53.3% of the ‘bad’ predictions have been classified correctly and 93.3% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions 

 

Dataset 2017 prediction 2018 

The decision tree for Anesthesist without the part-time factor contains 26 observations with 

a ‘bad’ prediction and 49 with a ‘good’ prediction. The model has an accuracy of 70.1% and has 

an average error of 44.7%. 44.8% of the ‘bad’ predictions have been classified correctly and 89.8% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 
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predictions is too low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions 

The decision tree for Anesthesist with the part-time factor contains contains 26 

observations with a ‘bad’ prediction and 49 with a ‘good’ prediction.  The model has an accuracy 

of 76% and has an average error of 44%. 84.6% of the ‘bad’ predictions have been classified 

correctly and 71.4% of the ‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- The mutation of the part-time factor is smaller than -5.7% and or; 

- The mutation of the part-time factor is larger than or equal to 11% or; 

- The mutation of the part-time factor is between -5.7% and 11% and; 

o The predicted outflow of students is larger than or equal to 0.044 FTE per employed 

FTE. 

The predicted supply is classified as good when: 

- The mutation of the part-time factor is between -5.7% and 11% and; 

o The predicted outflow of students is smaller than 0.044 FTE per employed FTE. 
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Dataset 2017 prediction 2019 

The decision tree for Anesthesist without the part-time factor contains 40 observations with 

a ‘bad’ prediction and 35 with a ‘good’ prediction. The model has an accuracy of 72% and has an 

average error of 54.7%. 77.5% of the ‘bad’ predictions have been classified correctly and 62.5% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘good’ 

predictions is too low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions 

The decision tree for Anesthesist with the part-time factor contains 40 observations with a 

‘bad’ prediction and 35 with a ‘good’ prediction. The model has an accuracy of 73% and has an 

average error of 48%. 70% of the ‘bad’ predictions have been classified correctly and 77.1% of 

the ‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- When the outflow of students  0.087 per employed FTE; 

- The mutation of the part-time factor is between 3.2% and 8.7% or; 

- The mutation of the part-time factor is smaller than 3.2% and; 

o The predicted outflow of students by 2019 is between 0.047 and 0.056 FTE per 

employed FTE. 
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The predicted supply is classified as good when: 

- The mutation of the part-time factor is smaller than 3.2% and; 

- The outflow of students by 2019 is smaller than 0.047 FTE per employed FTE or; 

- The outflow of students by 2019 is larger than or equal to 0.056 FTE per employed FTE. 

 

Dataset 2018 prediction 2019 

The decision tree for Anesthesist without the part-time factor contains 21 observations with 

a ‘bad’ prediction and 54 with a ‘good’ prediction. The model has an accuracy of 74.7% and has 

an average error of 37.3%. 39% of the ‘bad’ predictions have been classified correctly and 88.9% 

of the ‘good’ predictions have been classified correctly. Since, the correctly classified ‘bad’ 

predictions is too low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions 

The decision tree for Anesthesist with the part-time factor contains 21 observations with a 

‘bad’ prediction and 54 with a ‘good’ prediction. The model has an accuracy of 73.3% and has an 

average error of 44%. 20% of the ‘bad’ predictions have been classified correctly and 94.4% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions 
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 Deskundige Infectie preventive 

Dataset 2016 prediction 2017 

The decision tree for Deskundige Infectie Preventie without the part-time factor contains 

42 observations with a ‘bad’ prediction and 29 with a ‘good’ prediction. The model has an accuracy 

of 70.4% and has an average error of 56.4%. 90.4% of the ‘bad’ predictions have been classified 

correctly and 41.3% of the ‘good’ predictions have been classified correctly.  Since, the correctly 

classified ‘good’ predictions is too low and, there cannot be drawn conclusions about which factors 

are influencing  ‘good’ and ‘bad’ predictions 

The decision tree for Deskundige Infectie Preventie with the part-time factor contains 42 

observations with a ‘bad’ prediction and 29 with a ‘good’ prediction. The model has an accuracy 

of 83% and has an average error of 26.8%. 76.2% of the ‘bad’ predictions have been classified 

correctly and 93.1% of the ‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- The mutation of the part-time factor is smaller than -0.36% or; 

- The mutation of the part-time factor is larger than or equal to -0.36% and; 

o The predicted outflow of students is larger than or equal to 0.16 FTE per employed 

FTE or; 
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o The predicted outflow of students is smaller than 0.16 FTE per employed FTE and; 

the mutation of the part-time factor is larger than 1.6% and; 

 The predicted outflows of retired employees is larger than or equal to 0.036 

FTE per employed FTE.  

The predicted supply is classified as good when: 

- The mutation of the part-time factor is larger than or equal to -0.36% and; 

- The predicted outflow of students is smaller than 0.16 FTE per employed FTE and; 

o The mutation of the part-time factor is between -0.36% and 1.6% or; 

o The mutation of the part-time factor is larger than or equal to 1.6% and; 

 The predicted outflow of retired employees is smaller than 0.036 FTE per 

employed FTE. 

 

Dataset 2016 prediction 2018 

The decision tree for Deskundige Infectie Preventie without the part-time factor contains 

53 observations with a ‘bad’ prediction and 18 with a ‘good’ prediction. The model has an accuracy 

of 77.5% and has an average error of 29.6%. 94.3% of the ‘bad’ predictions have been classified 

correctly and 27.2% of the ‘good’ predictions have been classified correctly.  Since, the correctly 

classified ‘good’ predictions is too low and, there cannot be drawn conclusions about which factors 

are influencing  ‘good’ and ‘bad’ predictions 

The decision tree for Deskundige Infectie Preventie with the part-time factor contains 53 

observations with a ‘bad’ prediction and 18 with a ‘good’ prediction. The model has an accuracy 

of 81.7% and has an average error of 29.6%. 92.5% of the ‘bad’ predictions have been classified 

correctly and 50% of the ‘good’ predictions have been classified correctly.  Since, the correctly 

classified ‘good’ predictions is too low and, there cannot be drawn conclusions about which factors 

are influencing  ‘good’ and ‘bad’ predictions 
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Dataset 2016 prediction 2019 

In 2016  there are 60 of the 71 instances having a nincorrect prediction for supply, since 

the observations for correct predictions is too small no decision tree can be created that can 

determine which factors influence a ‘good’ and ‘bad’ prediction. 

 

Dataset 2017 prediction 2018 

 

The decision tree for Deskundige Infectie Preventie without the part-time factor contains 

48 observations with a ‘bad’ prediction and 23 with a ‘good’ prediction. The model has an accuracy 

of 71.8% and has an average error of 42.3%. 94.3% of the ‘bad’ predictions have been classified 

correctly and 68.8% of the ‘good’ predictions have been classified correctly.  Since, the correctly 

classified ‘good’ predictions is too low and, there cannot be drawn conclusions about which factors 

are influencing  ‘good’ and ‘bad’ predictions. 

The decision tree for Deskundige Infectie Preventiewith the part-time factor contains 48 

observations with a ‘bad’ prediction and 23 with a ‘good’ prediction. The model has an accuracy 

of 84.5% and has an average error using cross-validation of 29.2%. 89.6% of the ‘bad’ predictions 

have been classified correctly and 73.9% of the ‘good’ predictions have been classified correctly.  
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The predicted supply is classified as bad when: 

- The mutation of the part-time factor is smaller than -5.7% or; 

- The mutation of the part-time factor is larger than or equal to 22% or; 

- The mutation of the part-time factor is between -5.7% and 22% and; 

o The predicted outflow of students is larger than or equal to 0.12 FTE per employed 

FTE or; 

o The predicted outflow of students is smaller than 0.042 FTE and the mutation of 

the part-time factor is larger than or equal to 4.2% 

The predicted supply is classified as good when: 

- The mutation of the part-time factor is between -5.7% and 4.2% and; 

o The predicted outflow of students is smaller than 0.042 FTE per employed FTE. 

 

Dataset 2017 prediction 2019 

The decision tree for Deskundige Infectie Preventie without the part-time factor contains 

49 observations with a ‘bad’ prediction and 22 with a ‘good’ prediction. The model has an accuracy 

of 77.5% and has an average error of 35.4%. 98% of the ‘bad’ predictions have been classified 

correctly and 31.8% of the ‘good’ predictions were classified correctly. Employees is larger or 

equal to 0.1 per employed FTE then the prediction is classified as ‘good.’ Since the accuracy of 

‘good’ predictions is very low, we can hardly say something which factors influence a bad and 

good prediction. The reason for the low percentage of correctly classified ‘good’ predictions is 

that the sample of ‘good’ prediction is too low to create a working model.  

The decision tree for Deskundige Infectie Preventie with the part-time factor contains 49 

observations with a ‘bad’ prediction and 22 with a ‘good’ prediction. The model has an accuracy 

of 77.5% and has an average error using cross-validation of 47.7%. 79.6% of the ‘bad’ predictions 

have been classified correctly and 72.3% of the ‘good’ predictions have been classified correctly.  
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The predicted supply is classified as bad when: 

- The mutation of the part-time factor is smaller than -18% or; 

- The mutation of the part-time factor is larger than or equal to 22% or; 

- The mutation of the part-time factor is between 1.5% and 11%  or; 

- The mutation of the part-time factor is between -18% and -1.5% and; 

o The predicted outflow of students is larger than or equal to 0.13 FTE per employed 

FTE. 

The predicted supply is classified as good when: 

- The mutation of the part-time factor is between 11% and 22% or; 

- The mutation of the part-time factor is between -18% and -1.5% and; 

o The predicted outflow of students is smaller than to 0.13 FTE per employed FTE. 
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Dataset 2018 prediction 2019 

The decision tree for Deskundige Infectie Preventie with the part-time factor contains 35 

observations with a ‘bad’ prediction and 36 with a ‘good’ prediction. The model has an accuracy 

of 73.2% and has an average error of 46.9%. 88.9% of the ‘bad’ predictions is classified correctly 

and 55.6% of the ‘good’ predictions are classified correctly. Since the accuracy of ‘good’ 

predictions is very low, we can hardly say something about which factors influence a bad and good 

prediction.  

The decision tree for Deskundige Infectie Preventie with the part-time factor contains 35 

observations with a ‘bad’ prediction and 36 with a ‘good’ prediction The model has an accuracy 

of 76% and has an average error using cross-validation of 56.4%. 71.4% of the ‘bad’ predictions 

is classified correctly and 80.1% of the ‘good’ predictions are classified correctly. Even though 

the accuracy is moderately good, there can be observed that this model classifies 10 zero’s as a 

one, which is in my opinion too larger to say something about which factors are causing ‘bad’ and 

‘good’ predictions.  
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 Dialyse 

Dataset 2016 prediction 2017 

The decision tree without the part-time factor contains 13 observations with a ‘bad’ 

prediction and 42 with a ‘good’ prediction. The model contains only the root node and does not 

provide specific information about the bad and good predictions.  

The decision tree for Dialyse verpleegkundigen without the part-time factor contains 13 

observations with a ‘bad’ prediction and 42 with a ‘good’ prediction. The model has an accuracy 

of 77.5% and has an average error of 43%. 38.4% of the ‘bad’ predictions have been classified 

correctly and 95.2% of the ‘good’ predictions were classified correctly. Since the accuracy of ‘bad’ 

predictions is very low, we can hardly say something which factors influence a bad and good 

prediction.  

 

Dataset 2016 prediction 2018 

The decision tree for Dialyse verpleegkundigen without the part-time factor contains 21 

observations with a ‘bad’ prediction and 31 with a ‘good’ prediction. The model has an accuracy 

of 70.1% and has an average error of 45.45%. 81% of the ‘bad’ predictions have been classified 

correctly and 64.7% of the ‘good’ predictions have been classified correctly.  Since, the correctly 

classified ‘good’ predictions is too low and, there cannot be drawn conclusions about which factors 

are influencing  ‘good’ and ‘bad’ predictions 

The model with the part-time factor mutation is the same as without the part-time factor 

mutation  

 

Dataset 2016 prediction 2019 

The decision tree for Dialyse verpleegkundigen without the part-time factor contains 24 

observations with a ‘bad’ prediction and 31 with a ‘good’ prediction. The model has an accuracy 

of 63.6% and has an average error of 49.1%. 25% of the ‘bad’ predictions have been classified 

correctly and 93.5% of the ‘good’ predictions have been classified correctly.  Since, the accuracy 

of this model is too low  and  75% of the ‘bad’ predictions are classified incorrectly there cannot 

be relied on the decision tree and its outcomes to determine which factors are causing ‘bad’ and 

‘good’ predictions. 
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The decision tree for Dialyse verpleegkundigen with the part-time factor contains 24 

observations with a ‘bad’ prediction and 31 with a ‘good’ prediction.The model has an accuracy 

of 65.4% and has an average error of 43.6%. 81% of the ‘bad’ predictions have been classified 

correctly and 61.3% of the ‘good’ predictions have been classified correctly. Since, the correctly 

classified ‘good’ predictions is too low and, there cannot be drawn conclusions about which factors 

are influencing  ‘good’ and ‘bad’ predictions 

 

Dataset 2017 prediction 2018 

The decision tree for Dialyse verpleegkundigen without the part-time factor contains 32 

observations with a ‘bad’ prediction and 23 with a ‘good’ prediction. The model has an accuracy 

of 74.5% and has an average error of 43.6%. 65.2% of the ‘bad’ predictions is classified correctly 

and 81.3% of the ‘good’ predictions are classified correctly. Since, the correctly classified ‘bad’ 

predictions is too low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions 

 

The decision tree for Dialyse verpleegkunidgen contains 32 observations that are a ‘bad’ 

prediction and 23 that are a ‘good’ prediction. The model has an accuracy of 74.5% and has an 

average error of 56.4%. 69.9% of the ‘bad’ predictions is classified correctly and 75.8% of the 

‘good’ predictions are classified correctly. If the outflow of retired employees is predicted larger 

or equal to 0.54 FTE per employed FTE then the predictions are classified as ‘bad’. When the 

predicted outflow of retired employees is predicted smaller than 0.54 FTE and larger than or equal 

to 0.39 FTE per employed FTE, the prediction is classified as ‘good’.  When the predicted outflow 

of retired employees is predicted smaller than 0.45, then the classifications is ‘good’ and otherwise 

it is classified as ‘bad.’  
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Dataset 2017 prediction 2019 

 

The decision tree for Dialyse verpleegkundigen without the part-time factor contains 20 

observations with a ‘bad’ prediction and 35 with a ‘good’ prediction. The model has an accuracy 

of 72.3% and has an average error of 36.4%. 55% of the ‘bad’ predictions is classified correctly 

and 82.9% of the ‘good’ predictions are classified correctly. Since, the correctly classified ‘bad’ 

predictions is too low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions 

The decision tree is the same when including the part-time factor, so part-time factor does 

not play a role in whether a prediction is ‘good’ or ‘bad’. 

 

Dataset 2018 prediction 2019 

In the year 2018 48 out of the 55 predictions is within the 10% range, which causes that 

the population of ‘bad’ predictions is too small to build a reliable model to describe the difference.  
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 Gipsverbandmeester 

Dataset 2016 prediction 2017 

The decision tree for Gipsverbandmeester without the part-time factor contains 32 

observations with a ‘bad’ prediction and 40 with a ‘good’ prediction. The model has an accuracy 

of 67.67% and has an average error of 55.52%. 84.4% of the ‘bad’ predictions is classified 

correctly and 62.5% of the ‘good’ predictions are classified correctly. ’Since, the accuracy of this 

model is not good and the correct classified ‘good’ predictions is very low, there cannot be  

concluded which factors lead to ‘good’ and ‘bad’ predictions. 

The same holds for the model with the part-time factor. 

 

Dataset 2016 dataset 2018 

The decision tree for Gipsverbandmeester without the part-time factor contains 44 

observations with a ‘bad’ prediction and 28 with a ‘good’ prediction.  The model has an accuracy 

of 69.4% and has an average error of 52.8%. 90.1% of the ‘bad’ predictions is classified correctly 

and 35.7% of the ‘good’ predictions are classified correctly. ’Since, the correct classified ‘good’ 

predictions percentage is very low, there cannot be concluded which factors lead to ‘good’ and 

‘bad’ predictions. 

The decision tree for Gipsverbandmeester with the part-time factor contains 44 

observations with a ‘bad’ prediction and 28 with a ‘good’ prediction. The model has an accuracy 

of 76.4% and has an average error of 33.33%. 84.1% of the ‘bad’ predictions is classified correctly 

and 64.3% of the ‘good’ predictions are classified correctly. ’Since, the correct classified ‘good’ 

predictions percentage is very low, there cannot be concluded which factors lead to ‘good’ and 

‘bad’ predictions. 
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Dataset 2016 prediction 2019 

The decision tree for Gipsverbandmeester without the part-time factor contains 51 

observations with a ‘bad’ prediction and 21 with a ‘good’ prediction. The model has an accuracy 

of 77.8% and has an average error using cross-validation of 31.94%. 86.3% of the ‘bad’ predictions 

have been classified correctly and 54.45% of the ‘good’ predictions have been classified 

correctly. ’Since, the correct classified ‘good’ predictions percentage is very low, there cannot be 

concluded which factors lead to ‘good’ and ‘bad’ predictions. 

The decision tree for Gipsverbandmeester with the part-time factor contains 51 

observations with a ‘bad’ prediction and 21 with a ‘good’ prediction. The model has an accuracy 

of 77.8% and has an average error using cross-validation of 33.3%. 96.1% of the ‘bad’ predictions 

have been classified correctly and 33% of the ‘good’ predictions have been classified 

correctly. ’Since, the correct classified ‘good’ predictions percentage is very low, there cannot be 

concluded which factors lead to ‘good’ and ‘bad’ predictions. 

 

Dataset 2017 prediction 2018 

 

The decision tree for Gipsverbandmeester without the part-time factor contains 39 

observations with a ‘bad’ prediction and 33 with a ‘good’ prediction. The model has an accuracy 

of 75% and has an average error of 40.3%. 78.8% of the ‘bad’ predictions is classified correctly 

and 72% of the ‘good’ predictions are classified correctly.  
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The predicted supply is classified as bad when: 

- The predicted outflow of retired employees is smaller than 0.098 FTE per employed FTE 

and; 

o The predicted outflow of age <60 is larger than or equal to 0.029 FTE per employed 

FTE or; 

o The predicted outflow of age <60 is smaller than 0.005 FTE per employed FTE or; 

- The predicted outflow of students is larger than or equal to 0.098 FTE per employed FTE 

and; 

o The predicted outflow of retired employees is between 0.13 and 0.2 FTE per 

employed FTE. 

The predicted supply is classified as good when: 

- The predicted outflow of retired employees is smaller than 0.098 FTE per employed FTE 

and; 

o The predicted outflow of age <60 is between 0.005 and 0.029 FTE per employed 

FTE or; 

- The predicted outflow of retired employees is larger than or equal to 0.098 FTE per 

employed FTE and; 

o The predicted outflow of retired employees is larger than 0.2 FTE per employed 

FTE or; 

o The predicted outflow of retired employees is smaller than 0.13 FTE per employed 

FTE. 

The decision tree for Gipsverbandmeester with the part-time factor contains 39 

observations with a ‘bad’ prediction and 33 with a ‘good’ prediction. The model has an accuracy 

of 75% and has an average error of 40.3%. 63.6% of the ‘bad’ predictions is classified correctly 

and 97.4% of the ‘good’ predictions are classified correctly. ’Since, the correct classified ‘bad’ 

predictions percentage is very low, there cannot be concluded which factors lead to ‘good’ and 

‘bad’ predictions. 
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Dataset 2017 prediction 2019 

 

The decision tree for Gipsverbandmeester with the part-time factor contains 46 

observations with a ‘bad’ prediction and 26 with a ‘good’ prediction. The model has an accuracy 

of 75% and has an average error of 40.3%. 78.2% of the ‘bad’ predictions is classified correctly 

and 61.5% of the ‘good’ predictions are classified correctly.  ’Since, the correct classified ‘good’ 

predictions percentage is very low, there cannot be concluded which factors lead to ‘good’ and 

‘bad’ predictions. 

The decision tree for Gipsverbandmeester with the part-time factor contains 46 

observations with a ‘bad’ prediction and 26 with a ‘good’ prediction. The model has an accuracy 

of 77.8% and has an average error of 25%. 84.8% of the ‘bad’ predictions is classified correctly 

and 53.8% of the ‘good’ predictions are classified correctly. Since, the correctly classified ‘good’ 

predictions is low and to model only works for classifying ‘good’ predictions, we cannot draw 

conclusions which factors are influencing  ‘good’ and ‘bad’ predictions.  

Dataset 2018 prediction 2019 

 

The decision tree for Gipsverbandmeester without the part-time factor contains 31 

observations with a ‘bad’ prediction and 41 with a ‘good’ prediction. The model has an accuracy 

of 69.4% and has an average error of 43.5%. 54.8% of the ‘bad’ predictions is classified correctly 

and 80.5% of the ‘good’ predictions are classified correctly. Since, the correctly classified ‘bad’ 

predictions is low and to model only works for classifying ‘good’ predictions, we cannot draw 

conclusions which factors are influencing  ‘good’ and ‘bad’ predictions.  

The decision tree for Gipsverbandmeester with the part-time factor contains 31 

observations with a ‘bad’ prediction and 41 with a ‘good’ prediction. The model has an accuracy 

of 73% and has an average error of 40%. 61.2% of the ‘bad’ predictions is classified correctly and 

72.3% of the ‘good’ predictions are classified correctly.  Since, the correctly classified ‘bad’ 

predictions is low,  and to model only works moderately good for classifying ‘good’ predictions, 

we cannot draw conclusions which factors are influencing  ‘good’ and ‘bad’ predictions.  
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 IC-Verpleegkundigen 

 

Dataset 2016 prediction 2017 

The decision tree with the part-time factor contains 23 observations that are a ‘bad’ 

prediction and 51 are a ‘good’ prediction. The model has an accuracy of 81.1% and has an average 

error of 30.9%. 73.9% of the ‘bad’ predictions have been classified correctly and 84.3% of the 

‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- The predicted outflow of students from education is lower than 0.016 FTE per employed 

FTE or; 

- The predicted outflow of students from education is larger than or equal to 0.025 FTE per 

employed FTE and the predicted outflow of age <60 is smaller than 0.027 FTE per 

employed FTE. 
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The predicted supply is classified as good when: 

- The predicted outflow of students from education is lower than 0.016 FTE per employed 

FTE and; 

o The predicted outflow of students from education is larger than or equal to 0.025 

FTE per employed FTE or; 

o The predicted outflow of students from education is larger than or equal to 0.025 

FTE per employed FTE and the predicted outflow of age <60 is larger than or equal 

to 0.027 FTE per employed FTE. 

 

The mutation of the part-time factor does not have influence on the results so when this is 

included the tree remains the same. 

 

 

 

Dataset 2016 prediction 2018 

The decision tree without the part-time factor contains 24 observations that are a ‘bad’ 

prediction and 50 that are a ‘good’ prediction. The model has an accuracy of 81.1% and has an 

average error of 30.9%. 37.5% of the ‘bad’ predictions have been classified correctly and 98% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is very low and the model is overfitting for the  ‘good’ predictions, we cannot draw 

conclusions which factors are influencing  ‘good’ and ‘bad’ predictions.  

The mutation of the part-time factor does not have influence on the results so when this is 

included the tree remains the same. 

 

 

Dataset 2016 prediction 2019 

The decision tree without the part-time contains 39 observations that are a ‘bad’ prediction 

and 35 that are a ‘good’ prediction. The model has an accuracy of 71.6% and has an average error 

of 71.6%. 71.8% of the ‘bad’ predictions have been classified correctly and 64.1% of the ‘good’ 

predictions have been classified correctly.  Since, the correctly classified ‘good’ predictions is too 

low and, there cannot be drawn  conclusions about  which factors are influencing  ‘good’ and ‘bad’ 

predictions.  
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The decision tree with the part-time contains 39 observations that are a ‘bad’ prediction 

and 35 that are a ‘good’ prediction.. The model has an accuracy of 71.6% and has an average error 

of 68.9%. 79.4% of the ‘bad’ predictions have been classified correctly and 62.9% of the ‘good’ 

predictions have been classified correctly.  Since, the correctly classified ‘bad’ predictions is too 

low and the model is overfitting for the  ‘good’ predictions, we cannot draw conclusions which 

factors are influencing  ‘good’ and ‘bad’ predictions.  

 

 

Dataset 2017 prediction 2018 

The decision tree without the part-time factor contains 28 observations that  are a ‘bad’ 

prediction and 46 that are a ‘good’ prediction. The model has an accuracy of 74.3% and has an 

average error of 54%. 60.7% of the ‘bad’ predictions have been classified correctly and 82.6% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions.  

The decision tree with the part-time factor contains 28 observations that  are a ‘bad’ 

prediction and 46 that are a ‘good’ prediction.. The model has an accuracy of 75.7% and has an 

average error of 54%. 50% of the ‘bad’ predictions have been classified correctly and 91.3% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions.  

Dataset 2017 prediction 2019 

The decision tree without the part-time factor contains 35 observations that are a ‘bad’ 

prediction and that 39 are a ‘good’ prediction. The model has an accuracy of 78.4% and has an 

average error of 53.8%. 77.1% of the ‘bad’ predictions have been classified correctly and 79.5% 

of the ‘good’ predictions have been classified correctly.   



93 

 

 

The predicted supply is classified as bad when: 

- The predicted outflow of employees that have been retired by 2019 is larger than or equal 

to  0.023 FTE per employed FTE and the predicted outflow of students from education is 

smaller than 0.092 FTE per employed FTE or; 

- The predicted outflow of employees that have been retired by 2019 is smaller than  0.023 

FTE per employed FTE and; 

o The predicted outflow by 2019 of age <60 is smaller than 0.027 FTE per employed 

FTE or; 

o The predicted outflow by 2019 of age <60 is between 0.056 and 0.058 FTE per 

employed FTE. 

The predicted supply is classified as good when: 

- The predicted outflow of employees that have been retired by 2019 is smaller than  0.023 

FTE per employed FTE and; 

o The predicted outflow by 2019 of age <60 is between 0.027 and 0.056 FTE per 

employed FTE or; 

o The predicted outflow by 2019 of age <60 is larger than or equal to 0.056 FTE per 

employed FTE. 
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The decision tree with the part-time factor contains 35 observations that are a ‘bad’ 

prediction and that 39 are a ‘good’ prediction. The model has an accuracy of 74.3% and has an 

average error of 49.81%. 71.4% of the ‘bad’ predictions have been classified correctly and 76.9% 

of the ‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- The mutation of the part-time factor is smaller than -8.1% or; 

- The mutation of the part-time factor is larger than or equal to 8.1% and the predicted 

outflow of retired employees by 2019 is larger than or equal to 0.023 FTE per employed 

FTE. 

The predicted supply is classified as good when: 

- The mutation of the part-time factor is larger than or equal to 8.1% and the predicted 

outflow of retired employees by 2019 is smaller to 0.023 FTE per employed FTE. 
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Dataset 2018 prediction 2019 

The decision tree without the part-time factor contains 23 observations that are a ‘bad’ 

prediction and 51 that are a ‘good’ prediction. There can be seen that 23 observations are a ‘bad’ 

prediction and 51 are a ‘good’ prediction. The model has an accuracy of 73% and has an average 

error of 48.6%. 56.5% of the ‘bad’ predictions have been classified correctly and 80.4% of the 

‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ predictions 

is too low and, there cannot be drawn conclusions about which factors are influencing  ‘good’ and 

‘bad’ predictions.  

The decision tree with the part-time factor contains 23 observations that are a ‘bad’ 

prediction and 51 that are a ‘good’ prediction. The model has an accuracy of 74.3% and has an 

average error of 52.6%. 15.7% of the ‘bad’ predictions have been classified correctly and 86.3% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions.  
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 Kinderverpleegkundigen 

Dataset 2016 prediction 2017 

The decision tree without the part-time factor contains 21 observations that are a ‘bad’ 

prediction and 52 that are a ‘good’ prediction. The model has an accuracy of 75.3% and has an 

average error of 42.1%. 33% of the ‘bad’ predictions have been classified correctly and 92.3% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions.  

The decision tree with the part-time factor contains 21 observations that are a ‘bad’ 

prediction and 52 that are a ‘good’ prediction. The model has an accuracy of 78.1% and has an 

average error of 36.5%. 57.1% of the ‘bad’ predictions have been classified correctly and 86.5% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions.  

Dataset 2016 prediction 2018 

The decision tree without the part-time factor contains 39 observations are a ‘bad’ 

prediction and 35 are a ‘good’ prediction. The model has an accuracy of 71.2% and has an average 

error of 52.44%. 57.6% of the ‘bad’ predictions have been classified correctly and 82.5% of the 

‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ predictions 

is very low and, there cannot be drawn conclusions about which factors are influencing  ‘good’ 

and ‘bad’ predictions.  

The decision tree with the part-time factor contains 39 observations are a ‘bad’ prediction 

and 35 are a ‘good’ prediction. The model has an accuracy of 78.1% and has an average error of 

44%. 63.6% of the ‘bad’ predictions have been classified correctly and 90% of the ‘good’ 

predictions have been classified correctly.  Since, the correctly classified ‘bad’ predictions is very 

low and, there cannot be drawn conclusions about which factors are influencing  ‘good’ and ‘bad’ 

predictions.  
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Dataset 2016 prediction 2019 

The decision tree without the part-time factor contains 41 observations are a ‘bad’ 

prediction and 32 are a ‘good’ prediction. The model has an accuracy of 71.2% and has an average 

error of 51.9%. 70.1% of the ‘bad’ predictions have been classified correctly and 71.9% of the 

‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- The predicted outflow of students by 2019 is larger than or equal to 0.11 FTE per employed 

FTE or; 

- The predicted outflow of students by 2019 is smaller than 0.11 FTE per employed FTE 

and; 

o The predicted outflow of retired employees by 2019 is between 0.016 and 0.022 

FTE per employed FTE or; 

o The predicted outflow of retired employees by 2019 is larger than or equal to 0.049 

FTE per employed FTE  
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The predicted supply is classified as good when: 

- The predicted outflow of students by 2019 is smaller than 0.11 FTE per employed FTE 

and; 

o The predicted outflow of retired employees by 2019 is smaller than 0.016 FTE per 

employed FTE or; 

o The predicted outflow of retired employees by 2019 is between 0.022 and 0.049 

FTE per employed FTE. 

 

The decision tree with the part-time factor contains 41 observations are a ‘bad’ prediction 

and 32 are a ‘good’ prediction.  There can be seen that 41 observations are a ‘bad’ prediction and 

32 are a ‘good’ prediction. The model has an accuracy of 74% and has an average error of 53.4%. 

75.6% of the ‘bad’ predictions have been classified correctly and 69.7% of the ‘good’ predictions 

have been classified correctly.   
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The predicted supply is classified as bad when: 

- The predicted outflow of students by 2019 is larger than or equal to 0.11 FTE per employed 

FTE or; 

- The predicted outflow of students by 2019 is smaller than 0.11 FTE per employed FTE and 

the predicted outflow of retired employees by 2019 is  larger than or equal to 0.016 FTE 

per employed FTE and; 

o The mutation of the part-time factor is smaller than 0.2% or; 

o The mutation of the part-time factor is larger than or equal to 0.2% and the predicted 

outflow of retired employees by 2019 is larger than 0.043 FTE per employed FTE.  

The predicted supply is classified as good when: 

- The predicted outflow of students by 2019 is smaller than 0.11 FTE per employed FTE 

and; 

o  the predicted outflow of retired employees by 2019 is  smaller than  0.016 FTE per 

employed FTE or; 

o the predicted outflow of retired employees by 2019 is  between 0.016 and 0.043 

FTE per employed FTE and the mutation of the part-time factor is larger than 0.2%.  

Dataset 2017 prediction 2018 

The decision tree without the part-time factor contains 40 observations that are a ‘bad’ 

prediction and 33 that are a ‘good’ prediction. The model has an accuracy of 78% and has an 

average error of 35.7%. 90.1% of the ‘bad’ predictions have been classified correctly and 67.5% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘good’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions.  
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The decision tree with the part-time factor contains 40 observations that are a ‘bad’ 

prediction and 33 that are a ‘good’ prediction. The model has an accuracy of 84.9% and has an 

average error of 53.4%. 81.8% of the ‘bad’ predictions have been classified correctly and 87.5% 

of the ‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- The predicted outflow of students by 2019 is larger than or equal to 0.06 FTE per employed 

FTE or; 

- The predicted outflow of students by 2019 is smaller than 0.06 FTE per employed FTE 

and; 

o The mutation of the part-time factor is larger than  or equal to 7.9% or; 

o The mutation of the part-time factor is smaller than 7.9% and the predicted outflow 

of students is smaller than 0.007 FTE per employed FTE. 

The predicted supply is classified as good when: 

- The predicted outflow of students by 2019 is between 0.007 and 0.06 FTE per employed 

FTE and; 

- The mutation of the part-time factor is smaller than 7.9%. 
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Dataset 2017 prediction 2019 

The decision tree without the part-time factor contains 41 observations that are a ‘bad’ 

prediction and 32 that are a ‘good’ prediction. The model has an accuracy of 78.1% and has an 

average error of 49.7%. 85.4% of the ‘bad’ predictions have been classified correctly and 68.8% 

of the ‘good’ predictions have been classified correctly. Since, the correctly classified ‘good’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions.  

The decision tree with the part-time factor contains 41 observations that are a ‘bad’ 

prediction and 32 that are a ‘good’ prediction. The model has an accuracy of 74% and has an 

average error of 44%. 82.9% of the ‘bad’ predictions have been classified correctly and 71.9% of 

the ‘good’ predictions have been classified correctly.   
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The predicted supply is classified as bad when: 

- The predicted outflow of students by 2019 is larger than or equal to 0.15 FTE per employed 

FTE or; 

- The predicted outflow of students by 2019 is smaller than 0.15 FTE per employed FTE 

and ; 

o The predicted outflow of employees that have been retired by 2019 is smaller than 

0.01 FTE per employed FTE or; 

o The predicted outflow of employees that have been retired by 2019 is larger than 

0.014 FTE per employed FTE and the mutation of the part-time factor is smaller 

than 0% 

The predicted supply is classified as good when: 

- The predicted outflow of students by 2019 is smaller than 0.15 FTE per employed FTE 

and ; 

o The predicted outflow of employees that have been retired by 2019 is between 0.01 

and 0.014 FTE per employed FTE or; 

o The predicted outflow of employees that have been retired by 2019 is larger than 

0.014 and the mutation of the part-time factor is larger than or equal to 0%. 

Dataset 2018 prediction 2019 

The decision tree without the part-time factor contains 23 observations that are a ‘bad’ 

prediction and 50 that are a ‘good’ prediction. The model has an accuracy of 74% and has an 

average error of 37%. 56.5% of the ‘bad’ predictions have been classified correctly and 82% of 

the ‘good’ predictions have been classified correctly. Since, the correctly classified ‘bad’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions.  

  The decision tree without the part-time factor contains 23 observations that are a ‘bad’ 

prediction and 50 that are a ‘good’ prediction. The model has an accuracy of 74% and has an 

average error of 43.9%. 26% of the ‘bad’ predictions have been classified correctly and 96% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 
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predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions.  
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 Obstetrieverpleegkundigen 

Dataset 2016 prediction 2017 

The decision tree of 2016 and 2017 has only the root node and therefore classifies all 

observations as ‘good’. The Decision tree with the part-time factor has only 55.6% of the ‘bad’ 

prediction classified correctly and therefore no differences can be observed.  

 

Dataset 2016 prediction 2018 

The decision tree without the part-time factor contains 44 observations that are a ‘bad’ 

prediction and 25 that are a ‘good’ prediction. The model has an accuracy of 76.8% and has an 

average error of 37%. 64% of the ‘bad’ predictions have been classified correctly and 84% of the 

‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ predictions 

is very low and, there cannot be drawn conclusions about which factors are influencing  ‘good’ 

and ‘bad’ predictions.  

The decision tree with the part-time factor contains 44 observations that are a ‘bad’ 

prediction and 25 that are a ‘good’ prediction.  The model has an accuracy of 76.8% and has an 

average error of 40%. 72% of the ‘bad’ predictions have been classified correctly and 79.5% of 

the ‘good’ predictions have been classified correctly.   
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The predicted supply is classified as bad when: 

- The predicted outflow of employees age <60 by 2018 is larger than or equal to 0.039 FTE 

per employed FTE and;  

o The predicted outflow of employees that will have retired by 2018 is larger than or 

equal to 0.016 FTE per employed FTE or; 

o The predicted outflow of employees that will have retired by 2018 is smaller than 

0.016 FTE per employed FTE and the mutation of the part-time factor is  larger 

than or equal to 3.7%. 

The predicted supply is classified as good when: 

- The predicted outflow of employees age <60 by 2018 is larger than or equal to 0.039 FTE 

per employed FTE or;  

- The predicted outflow of employees that will have retired by 2018 is smaller than 0.016 

FTE per employed FTE and the mutation of the part-time factor is smaller than 3.7%. 
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Dataset 2016 prediction 2019 

The decision tree without the part-time factor contains 36 observations that are a ‘bad’ 

prediction and 33 that are a ‘good’ prediction. The model has an accuracy of 76.8% and has an 

average error of 44.8%. 72.2% of the ‘bad’ predictions have been classified correctly and 81.8% 

of the ‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- The predicted outflow by 2019 of age <60 is between is larger than or equal to 0.059 FTE 

per employed FTE and; 

o The predicted outflow of employees that will have retired by 2019 is larger than or 

equal to 0.024 FTE per employed FTE or; 

o The predicted outflow of employees that will have retired by 2019 is smaller than 

0.012 FTE per employed FTE. 
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The predicted supply is classified as good when: 

- The predicted outflow by 2019 of age <60 is between is smaller than 0.059 FTE per 

employed FTE or; 

- The predicted outflow by 2019 of age <60 is between is larger than or equal to 0.059 FTE 

per employed FTE and the predicted outflow of employees that will have been retired by 

2019 is between 0.012 and 0.024 FTE per employed FTE. 

The decision tree with the part-time factor contains  36 observations that are a ‘bad’ 

prediction and 33  that are a ‘good’ prediction.   The model has an accuracy of 78.2% and has an 

average error of 37.6%. 71.4% of the ‘bad’ predictions have been classified correctly and 76.9% 

of the ‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- The predicted outflow by 2019 of age <60 is between is larger than or equal to 0.059 FTE 

per employed FTE and; 

o The predicted outflow of employees that will have retired by 2019 is larger than or 

equal to 0.024 FTE per employed FTE or; 
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o The predicted outflow of employees that will have retired by 2019 is smaller than 

0.024 FTE per employed FTE and; 

 The mutation of the part-time factor is larger than or equal to 7.6% or; 

 The mutation of the part-time factor is smaller than -1.2% 

The predicted supply is classified as good when: 

- The predicted outflow by 2019 of age <60 is between is smaller than 0.059 FTE per 

employed FTE or; 

- The predicted outflow by 2019 of age <60 is between is larger than or equal to 0.059 FTE 

per employed FTE, the predicted outflow of employees that will have been retired by 2019 

is smaller than 0.024 FTE per employed FTE and the mutation of the part-time factor is 

between -1.2% and 7.6%. 

Dataset 2017 prediction 2018 

The decision tree without the part-time factor contains 20 observations that are a ‘bad’ 

prediction and 49 are a ‘good’ prediction. The model has an accuracy of 75.5% and has an average 

error of 33.3%. 55% of the ‘bad’ predictions have been classified correctly and 83.6% of the ‘good’ 

predictions have been classified correctly.  Since, the correctly classified ‘bad’ predictions is very 

low and, there cannot be drawn conclusions about which factors are influencing  ‘good’ and ‘bad’ 

predictions.  

The tree without the part-time factor is the same, so part-time factor does not seem to play 

a role in correct and incorrect predictions. 

 

Dataset 2017 prediction 2019 

The decision tree without the part-time factor contains 34 observations that are a ‘bad’ 

prediction and 35  that are a ‘good’ prediction. The model has an accuracy of 76.8% and has an 

average error of 41.6%. 67.6% of the ‘bad’ predictions have been classified correctly and 85.7% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 
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The decision tree with the part-time factor contains 34 observations that are a ‘bad’ 

prediction and 35  that are a ‘good’ prediction. The model has an accuracy of 82.3% and has an 

average error of 37.6%. 71.4% of the ‘bad’ predictions have been classified correctly and 71.4% 

of the ‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- The predicted outflow of employees that will have retired by 2019 is larger than or equal 

to 0.031 FTE per employed FTE or; 

- The predicted outflow of employees that will have retired by 2019 is smaller than 0.031 

FTE per employed FTE and; 

o  The predicted outflow by 2019 of age <60 is between is larger than or equal to 0.11 

FTE per employed FTE or; 

o The predicted outflow by 2019 of age <60 is between is smaller 0.11 FTE per 

employed FTE and; 

 The mutation of the part-time factor is smaller than –4.5% or larger than 

6.9% 
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The predicted supply is classified as good when: 

- The predicted outflow of employees that will have retired by 2019 is smaller than 0.031 

FTE per employed FTE and; 

- The predicted outflow by 2019 of age <60 is between is smaller 0.11 FTE per employed 

FTE and; 

- The mutation of the part-time factor is between -4.5% and 6.9% 

Dataset 2018 prediction 2019 

The decision tree contains 21 observations that are a ‘bad’ prediction and 48 that are a 

‘good’ prediction.  The model has an accuracy of 81.2% and has an average error of 46.4%. 66.7% 

of the ‘bad’ predictions have been classified correctly and 87.5% of the ‘good’ predictions have 

been classified correctly.  Since, the correctly classified ‘bad’ predictions is too low and, there 

cannot be drawn conclusions about which factors are influencing  ‘good’ and ‘bad’ predictions. 

The tree without the part-time factor is the same, so part-time factor does not seem to play 

a role in correct and incorrect predictions. 
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 Oncologieverpleegkundigen 

 

Dataset 2016 prediction 2017 

The decision tree without the part-time factor contains 39 observations that are a ‘bad’ 

prediction and 34 that are a ‘good’ prediction. The model has an accuracy of 82.1% and has an 

average error of 46.6%. 72.2% of the ‘bad’ predictions have been classified correctly and 50% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘good’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

The decision tree with the part-time factor contains 39 observations that are a ‘bad’ 

prediction and 34 that are a ‘good’ prediction. The model has an accuracy of 69.9% and has an 

average error of 51.1%. 64.1% of the ‘bad’ predictions have been classified correctly and 76.5% 

of the ‘good’ predictions have been classified correctly.   Since, the correctly classified ‘bad’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

 

Dataset 2016 prediction 2018 

The decision tree without the part-time factor contains 44 observations that are a ‘bad’ 

prediction and 29 that are a ‘good’ prediction. The model has an accuracy of 69.9% and has an 

average error 49.25%. 93.2% of the ‘bad’ predictions have been classified correctly and 34.5% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘good’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

The decision tree with the part-time factor contains 44 observations that are a ‘bad’ 

prediction and 29 that are a ‘good’ prediction. The model has an accuracy of 75.3% and has an 

average error of 54.7%. 95.5% of the ‘bad’ predictions have been classified correctly and 44.8% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘good’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 
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Dataset 2016 prediction 2019 

The decision tree without the part-time factor contains 55 observations that are a ‘bad’ 

prediction and 18 that are a ‘good’ prediction.  The model has an accuracy of 82.2% and has an 

average error of 32.8%. 72.2% of the ‘bad’ predictions have been classified correctly and 38.9% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘good’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

The decision tree with the part-time factor contains 55 observations that are a ‘bad’ 

prediction and 18 that are a ‘good’ prediction.   The model has an accuracy of 82.2% and has an 

average error of 32.8%. 72.2% of the ‘bad’ predictions have been classified correctly and 38.9% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘good’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

Dataset 2017 prediction 2018 

The decision tree without the part-time factor contains 37 observations that are a ‘bad’ 

prediction and 36 that are a ‘good’ prediction.  The model has an accuracy of 75.3% and has an 

average error of 41.1%. 77.8% of the ‘bad’ predictions have been classified correctly and 73% of 

the ‘good’ predictions have been classified correctly.   
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The predicted supply is classified as bad when: 

- The predicted outflow by 2019 of age <60 is between 0.018 and 0.028 FTE per employed 

FTE or; 

- The predicted outflow by 2019 of age <60 is larger than or equal to 0.028 and; 

o The predicted outflow from students from education is larger than or equal to 0.067 

FTE per employed FTE and; 

o The predicted outflow employees the will have been retired is smaller than or equal 

to 0.27 FTE per employed FTE. 

 The predicted supply is classified as good when: 

- The predicted outflow by 2019 of age <60 is smaller than 0.018 FTE per employed FTE 

or; 

- The predicted outflow by 2019 of age <60 is larger than or equal to 0.028 FTE per 

employed FTE and; 

o The predicted outflow from students from education is smaller than 0.067 FTE per 

employed FTE or; 

o The predicted outflow from students from education is larger than or equal to 0.067 

FTE per employed FTE and; 

 The predicted outflow employees the will have been retired is larger than 

0.27 FTE per employed FTE. 
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The decision tree with the part-time factor contains 37 observations that are a ‘bad’ 

prediction and 36 that are a ‘good’ prediction.  The model has an accuracy of 75.3% and has an 

average error of 44.1%. 70% of the ‘bad’ predictions have been classified correctly and 81.1% of 

the ‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- The mutation of the part-time factor is larger than or equal to 8.4% or; 

- The mutation of the part-time factor is smaller than 8.4% and; 

o The predicted outflow by 2019 of age <60 is between 0.018 and 0.028 FTE per 

employed FTE. 

 The predicted supply is classified as good when: 

- The mutation of the part-time factor is smaller than 8.4% and; 

o The predicted outflow by 2019 of age <60 is smaller than 0.018 FTE per employed 

FTE or; 

o The predicted outflow by 2019 of age <60 is larger than  or equal to 0.028 FTE per 

employed FTE. 
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Dataset 2017 prediction 2019 

The decision tree without the part-time factor contains 41 observations that are a ‘bad’ 

prediction and 32 that are a ‘good’ prediction. The model has an accuracy of 78% and has an 

average error of 52%. 77.8% of the ‘bad’ predictions have been classified correctly and 56.3% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘good’ 

predictions is very low and, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

The decision tree with the part-time factor contains 41 observations that are a ‘bad’ 

prediction and 32 that are a ‘good’ prediction.   The model has an accuracy of 76.7% and has an 

average error of 49.3%. 75.6% of the ‘bad’ predictions have been classified correctly and 78.1% 

of the ‘good’ predictions have been classified correctly.   
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The predicted supply is classified as bad when: 

- The mutation of the part-time factor is larger than or equal to 20% or; 

- The mutation of the part-time factor is smaller than 3% and; 

o The predicted outflow of students by 2019 in FTE is larger than or equal to 0.11 

FTE per employed FTE 

 The predicted supply is classified as good when: 

- The mutation of the part-time factor is between 3% and 20% or; 

- The mutation of the part-time factor is smaller than 3% and; 

o The predicted outflow of students by 2019 in FTE is smaller than 0.11 FTE per 

employed FTE. 

Dataset 2018 prediction 2019 

The decision tree without the part-time factor contains 38 observations that are a ‘bad’ 

prediction and 35 that are a ‘good’ prediction. The model has an accuracy of 79.5% and has an 

average error of 45.3%. 78.9% of the ‘bad’ predictions have been classified correctly and 80% of 

the ‘good’ predictions have been classified correctly.   
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The predicted supply is classified as bad when: 

- The predicted outflow by 2019 of age <60 is between 0.057 and 0.08 FTE per employed 

FTE or; 

- The predicted outflow by 2019 of age <60 is smaller than 0.057 per employed FTE and; 

o The predicted outflow employees the will have been retired is larger than or equal 

to 0.014 FTE per employed FTE or; 

o The predicted outflow employees the will have been retired is smaller than 0.007 

FTE per employed FTE and; 

 The predicted outflow of students is larger than or equal to 0.053 FTE per 

employed FTE 

The predicted supply is classified as good when: 

- The predicted outflow by 2019 of age <60 is larger than 0.08 FTE per employed FTE or; 

- The predicted outflow by 2019 of age <60 is smaller than  0.057 FTE per employed FTE 

and; 

o The predicted outflow employees the will have been retired is between 0.007 and 

0.017 FTE per employed FTE or; 

o The predicted outflow employees the will have been retired is smaller than 0.007 

FTE per employed FTE and; 

 The predicted outflow of students is smaller than 0.053 FTE per employed 

FTE. 

The tree with the part-time factor is the same as the three without the part-time factor, this 

might suggest that the part-time factor does not play a role in correct and incorrect prediction. 
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 Operatieassistenten 

Dataset 2016 prediction 2017 

The tree without the part-time factor only consist of a root node and therefore does not 

provide information on which factors are causing correct and incorrect predictions. 

The decision tree with the part-time factor contains 14 observations that are a ‘bad’ 

prediction and 61 that are a ‘good’ prediction.   The model has an accuracy of 84% and has an 

average error of 20%. 78.6% of the ‘bad’ predictions have been classified correctly and 85.2% of 

the ‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- The mutation of the part-time factor is smaller than -4.9% or; 

- The mutation of the part-time factor is larger than  or equal to -4.9% and; 

o The predicted outflow by 2017 of age <60 is smaller than 0.027 FTE per employed 

FTE and; 

o The predicted outflow of students by 2017 is larger than or equal to 0.024 FTE per 

employed FTE.  
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The predicted supply is classified as good when: 

- The mutation of the part-time factor is larger than  or equal to -4.9% and; 

o The predicted outflow by 2017 of age <60 larger than 0.027 FTE per employed 

FTE or; 

o The predicted outflow by 2017 of age <60 is smaller than 0.027 FTE per employed 

FTE and; 

 The predicted outflow of students by 2017 is smaller than 0.024 FTE per 

employed FTE. 

Dataset 2016 prediction 2018 

The decision tree without the part-time factor contains 46 observations that are a ‘bad’ 

prediction and 29 that are a ‘good’ prediction. The model has an accuracy of 72% and has an 

average error of 42.7%. 65.6% of the ‘bad’ predictions have been classified correctly and 76.1% 

of the ‘good’ predictions have been classified correctly. Since, the correctly classified ‘bad’ 

predictions is too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

The decision tree with the part-time factor contains 46 observations that are a ‘bad’ 

prediction and 29 that are a ‘good’ prediction.   The model has an accuracy of 73.3% and has an 

average error of 50.7%. 82.8% of the ‘bad’ predictions have been classified correctly and 67.3% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘good’ 

predictions is too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

 

Dataset 2016 prediction 2019 

The decision tree without the part-time factor contains 33 observations that are a ‘bad’ 

prediction and 42 that are a ‘good’ prediction. The model has an accuracy of 76% and has an 

average error of 41.3%. 51.5% of the ‘bad’ predictions have been classified correctly and 95.2% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 
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The decision tree without the part-time factor contains 33 observations that are a ‘bad’ 

prediction and 42 that are a ‘good’ prediction.The model has an accuracy of 77.3% and has an 

average error of 34.7%. 66.7% of the ‘bad’ predictions have been classified correctly and 85.7% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

 

Dataset 2017 prediction 2018 

The decision tree without the part-time factor contains 51 observations that are a ‘bad’ 

prediction and 24 that are a ‘good’ prediction. The model has an accuracy of 78.7% and has an 

average error of 29.3%. 33% of the ‘bad’ predictions have been classified correctly and 100% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

The decision tree with the part-time factor contains 51 observations that are a ‘bad’ 

prediction and 24 that are a ‘good’ prediction.  The model has an accuracy of 81.3% and has an 

average error of 32%. 58.3% of the ‘bad’ predictions have been classified correctly and 92.2% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

 

Dataset 2017 prediction 2019 

The decision tree without the part-time factor contains 38 observations that are a ‘bad’ 

prediction and 37 that are a ‘good’ prediction. The model has an accuracy of 72% and has an 

average error of 54.7%. 70.1% of the ‘bad’ predictions have been classified correctly and 73.7% 

of the ‘good’ predictions have been classified correctly.   
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The predicted supply is classified as bad when: 

- The predicted outflow of students by 2019 is smaller than 0.0034 FTE per employed FTE 

or; 

- The predicted outflow of students by 2019 is larger than 0.0034 FTE per employed FTE 

and; 

o The predicted outflow employees that will have been retired by 2019  is larger than 

or equal to 0.017 and; 

 The predicted outflow by 2019 of age <60 is larger than or equal to 0.056 

FTE per employed FTE or; 

 The predicted outflow by 2019 of age <60 is smaller than 0.054 FTE per 

employed FTE. 
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The predicted supply is classified as good when: 

- The predicted outflow of students by 2019 of age <60 is larger than 0.0034 FTE per 

employed FTE and; 

o The predicted outflow employees that will have been retired by 2019  is smaller 

than 0.017 FTE per employed FTE or; 

o The predicted outflow employees that will have been retired by 2019  is larger than 

or equal to 0.017 FTE per employed FTE and; 

 The predicted outflow by 2019 of age <60 is between 0.054 and 0.056 FTE 

per employed FTE. 

 

The decision tree with the part-time factor contains 38 observations that are a ‘bad’ 

prediction and 37 that are a ‘good’ prediction.   The model has an accuracy of 74.7% and has an 

average error of 44%. 71% of the ‘bad’ predictions have been classified correctly and 78.4% of 

the ‘good’ predictions have been classified correctly.   

 

 

 



123 

 

The predicted supply is classified as bad when: 

- The mutation of the part-time factor is larger than or equal to 3.7% or; 

- The mutation of the part-time factor is smaller than 3.7% and; 

o The predicted outflow by 2019 of age <60 is between 0.036 and 0.54 FTE per 

employed FTE. 

 The predicted supply is classified as good when: 

- The mutation of the part-time factor is smaller than 3.7% and; 

o The predicted outflow by 2019 of age <60 is larger than or equal to 0.054 FTE per 

employed FTE or; 

o The predicted outflow by 2019 of age <60 is smaller than 0.036 FTE per employed 

FTE. 

 

Dataset 2018 prediction 2019 

The decision tree without the part-time factor contains 21 observations that are a ‘bad’ 

prediction and 54 that are a ‘good’ prediction.  The model has an accuracy of 78.7% and has an 

average error of 38.7%. 42.9% of the ‘bad’ predictions have been classified correctly and 92.6% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

The tree with the part-time factor is the same as the three without the part-time factor, this 

might suggest that the part-time factor does not play a role in correct and incorrect prediction. 
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 Radiodiagnostisch laboranten 

Dataset 2016 prediction 2017 

The decision tree without the part-time factor contains 50 observations that are a ‘bad’ 

prediction and 15 that are a ‘good’ prediction. The model has an accuracy of 81.5% and has an 

average error of 29.23%. 33% of the ‘bad’ predictions have been classified correctly and 96% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

The decision tree with the part-time factor contains 50 observations that are a ‘bad’ 

prediction and 15 that are a ‘good’ prediction.   The model has an accuracy of 81.5% and has an 

average error of 20%. 53.3% of the ‘bad’ predictions have been classified correctly and 90% of 

the ‘good’ predictions have been classified correctly. Since, the correctly classified ‘bad’ 

predictions is too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

 

Dataset 2016 prediction 2018 

The decision tree without the part-time factor contains 34 observations that are a ‘bad’ 

prediction and 31 that are a ‘good’ prediction.  The model has an accuracy of 67.7% and has an 

average error of 54.7%. 70.1% of the ‘bad’ predictions have been classified correctly and 64.5% 

of the ‘good’ predictions have been classified correctly.  Since, the accuracy of the tree itself is too 

low, there cannot be drawn conclusions about which factors are influencing  ‘good’ and ‘bad’ 

predictions. 

The decision tree with the part-time factor contains 34 observations that are a ‘bad’ 

prediction and 31 that are a ‘good’ prediction.  The model has an accuracy of 81.5% and has an 

average error of 58.5%. 82.4% of the ‘bad’ predictions have been classified correctly and 80.6% 

of the ‘good’ predictions have been classified correctly.   
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The predicted supply is classified as bad when: 

- The mutation of the part-time factor is larger than or equal to 7.3% or; 

- The mutation of the part-time factor is smaller than 7.3% and; 

o The predicted inflow from somewhere else by 2018 is between 0.051 and 0.053 

FTE per employed FTE or; 

o The predicted inflow from somewhere else by 2018 is larger than or equal to 0.053 

FTE per employed FTE and; 

 The predicted outflow from students from educations is larger than 0.0073 

and; 

 The predicted inflow from somewhere else by 2018 is smaller than  0.058 

FTE per employed FTE 

The predicted supply is classified as good when: 

- The mutation of the part-time factor is smaller than 7.3% and; 

o The predicted inflow from somewhere else by 2018 is smaller than 0.051 FTE per 

employed FTE or; 

o The predicted inflow from somewhere else by 2018 is larger  than  or equal to 0.053 

FTE per employed FTE and; 
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 The predicted outflow from students is smaller than 0.0073 FTE per 

employed FTE or; 

 The predicted outflow from students is larger than or equal to 0.0073 FTE 

per employed FTE and; 

 The predicted inflow from somewhere else by 2018 is larger than  or 

equal to 0.058 FTE per employed FTE. 

 

Dataset 2016 prediction 2019 

The decision tree without the part-time factor contains 35 observations that are a ‘bad’ 

prediction and 30 that are a ‘good’ prediction. The model has an accuracy of 75.4% and has an 

average error of 46.2%. 85.7% of the ‘bad’ predictions have been classified correctly and 63.3% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘good’ 

predictions is too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

The decision tree with the part-time factor contains 35 observations that are a ‘bad’ 

prediction and 30 that are a ‘good’ prediction. The model has an accuracy of 72.3% and has an 

average error of 44%. 77.1% of the ‘bad’ predictions have been classified correctly and 73.3% of 

the ‘good’ predictions have been classified correctly.   
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The predicted supply is classified as bad when: 

- The mutation of the part-time factor is larger than or equal to 8.3% or; 

- The mutation of the part-time factor is smaller than 8.3% and; 

o The predicted outflow of retired employees by 2019  is larger than or equal to 0.047 

FTE per employed FTE or; 

o The predicted outflow of retired employees by 2019  is smaller than 0.047 FTE per 

employed FTE and; 

o The mutation of the part-time factor is larger than or equal to 8.1% 

 The predicted supply is classified as good when: 

- The mutation of the part-time factor is smaller than 8.3% and; 

o The predicted outflow of retired employees by 2019  is smaller 0.047 FTE per 

employed FTE and; 

o The mutation of the part-time factor is smaller than 8.1% 

Dataset 2017 prediction 2018 

The decision tree without the part-time factor contains 40 observations that are a ‘bad’ 

prediction and 25 that are a ‘good’ prediction. The model has an accuracy of 81.5% and has an 

average error of 43.1%. 68% of the ‘bad’ predictions have been classified correctly and 90% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions is too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

The tree with the part-time factor is the same. 

 

Dataset 2017 prediction 2019 

The decision tree without the part-time factor contains 36 observations that are a ‘bad’ 

prediction and 29 that are a ‘good’ prediction. The model has an accuracy of 75.4% and has an 

average error of 43.1%. 86.2% of the ‘bad’ predictions have been classified correctly and 66.7% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘good’ 

predictions are too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 
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The decision tree with the part-time factor contains 36 observations that are a ‘bad’ 

prediction and 29 that are a ‘good’ prediction.    The model has an accuracy of 72.3% and has an 

average error of 38.5%. 82.8% of the ‘bad’ predictions have been classified correctly and 63.9% 

of the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘good’ 

predictions are too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

Dataset 2018 prediction 2019 

The decision tree without the part-time factor contains 43 observations that are a ‘bad’ 

prediction and 22 that are a ‘good’ prediction. The model has an accuracy of 78.5% and has an 

average error of 50.8%. 63.6% of the ‘bad’ predictions have been classified correctly and 86% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions are too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 

The decision tree with the part-time factor contains 43 observations that are a ‘bad’ 

prediction and 22 that are a ‘good’ prediction. The model has an accuracy of 72.3% and has an 

average error of 49%. 68.2% of the ‘bad’ predictions have been classified correctly and 76.7% of 

the ‘good’ predictions have been classified correctly.  Since, the correctly classified ‘bad’ 

predictions are too low, there cannot be drawn conclusions about which factors are influencing  

‘good’ and ‘bad’ predictions. 
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 SEH-verpleegkundigen 

Dataset 2016 prediction 2017 

The decision tree without the part-time factor contains 25 observations that are a ‘bad’ 

prediction and 47 that are a ‘good’ prediction. The model has an accuracy of 79.2% and has an 

average error of 33.4%. 64% of the ‘bad’ predictions have been classified correctly and 87.2% of 

the ‘good’ predictions have been classified correctly. Since the percentage of correct classified 

‘bad’ prediction is only 64% ,there cannot be drawn conclusions on why supply is predicted within 

a 10% margin outside this margin 

The three with the part-time factor contains 25 observations that are a ‘bad' prediction and 

47 that are a ‘good' prediction. The model has an accuracy of 77.8% and has an average error of 

30.6%. 44% of the ‘bad' predictions are classified correctly and 95.7% of the ‘good' predictions 

are classified correctly. Since the percentage of correct classified ‘bad’ prediction is only 44%, 

there cannot be drawn conclusions on why supply is predicted within a 10% margin outside this 

margin 

 

Dataset 2016 prediction 2018 

The decision tree without the part-time factor contains 37 observations that are a ‘bad’ 

prediction and 35 that are a ‘good’ prediction. The model has an accuracy of 70.8% and has an 

average error of 44.4%. 89.2% of the ‘bad’ predictions have been classified correctly and 51.4% 

of the ‘good’ predictions have been classified correctly. Since the percentage of correct classified 

‘good’ prediction is only 51.4%, there cannot be drawn conclusions on why supply is predicted 

within a 10% margin outside this margin.  

 

The decision tree withthe part-time factor contains 37 observations that are a ‘bad’ 

prediction and 35 that are a ‘good’ prediction.  The model has an accuracy of 75% and has an 

average error of 56.9%. 70.1% of the ‘bad’ predictions are classified correctly and 80% of the 

‘good’ predictions are classified correctly.  
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When the mutation of the part-time factor is:  

- Smaller than -11% or; 

- Between -5.3% and -3% 
 

Then the predicted supply is classified as ‘bad.’ 

When the mutation of the part-time factor is larger than 4% and the predicted outflow of 

FTE is smaller than 0.058 FTE per employed FTE the predicted supply has been classified as ‘bad’ 

as well.  

When the mutation of the part-time factor 

- Is between -11% and -5.3% 

- Is between -3% and 4% 

Then the predicted supply is classified as ‘good’. 

When the mutation of the part-time factor is between -3% and 4% and the predicted outflow 

of FTE is larger than or equal to 0.058 FTE per employed FTE then the predicted supply has been 

classified as ‘good’ as well.  
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Dataset 2016 prediction 2019 

The decision tree without the part-time factor contains 38 observations that are a ‘bad’ 

prediction and 34 that are a ‘good’ prediction. The model has an accuracy of 69.4% and has an 

average error of 51.4%. 73.7% of the ‘bad’ predictions have been classified correctly and 64.7% 

of the ‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- The outflow age <60 in FTE is predicted larger than or equal to 0.24 FTE per employed 

FTE or; 

- The outflow in FTE is predicted smaller than 0.24 FTE per employed and; 

o The outflow of retired employees is predicted larger than 0.057 FTE per employed 

FTE or; 

o The outflow of retired employees is predicted smaller than 0.057 FTE per employed 

FTE and; 

 The outflow of students from education is predicted to be larger than or 

equal to 0.22 FTE per employed FTE or; 
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 The outflow of students from education is predicted to be smaller than 0.22 

FTE per employed FTE and the outflow of retired employees is smaller than 

0.0048 per employed FTE.  

The predicted supply is classified as ‘good’ when:  

- The outflow in FTE is predicted smaller than 0.24 FTE per employed and; 

- The outflow of retired employees is predicted smaller than 0.057 FTE per employed FTE 

and; 

- The outflow of students from education is predicted to be smaller than 0.22 FTE per 

employed FTE and; 

- The outflow of retired employees is larger than or equal to 0.0048 per employed FTE. 

 

The decision tree with the part-time factor contains 38 observations that are a ‘bad’ 

prediction and 34 that are a ‘good’ prediction. The model has an accuracy of 77.8% and has an 

average error of 41.7%. 81.5% of the ‘bad’ predictions have been classified correctly and 73.5% 

of the ‘good’ predictions have been classified correctly. When the part-time factor mutation is 

smaller 5%, the predicted outflow in FTE is smaller than 0.2 FTE per employed FTE and the 

predicted outflow of students from educations is larger than 0.11 FTE per employed FTE, then the 

predicted outflow is classified as ‘good.’ 
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When the mutation of the part-time factor 

- Is smaller than -9.7% 

- Or the  mutation of the part-time factor larger than -9.7% and 

o the predicted outflow age<60 in FTE is larger than or equal to 0.2 FTE per 

employed FTE or; 

o the predicted outflow age<60 in FTE is smaller than 0.2 FTE and the mutation of 

the part-time factor is larger than or equal to 15% or; 

o the predicted outflow age<60 in FTE is smaller than 0.2 FTE, the mutation of the 

part-time factor is smaller than 15% and the outflow of students from education has 

been predicted smaller than 0.11 FTE 

Then the prediction of supply is classified as ‘bad.’ 

 

Dataset 2017 prediction 2018 

The decision tree without the part-time factor contains 27 observations that are a ‘bad’ 

prediction and 45 that are a ‘good’ prediction. The model has an accuracy of 80.6% and has an 

average error of 33.3%. 66.7% of the ‘bad’ predictions have been classified correctly and 80% of 

the ‘good’ predictions have been classified correctly.   



134 

 

 

  



135 

 

The predicted supply is classified as bad when: 

- The predicted outflow of retired employees is than 0.2 FTE per employed FTE and; 

- The predicted outflow of FTE age <60 is smaller than 0.03 FTE per employed FTE 

Or; 

- The predicted outflow of retired employees is larger than 0.2 FTE per employed FTE and; 

o The predicted outflow of FTE age <60 is larger than or equal to 0.058 FTE per 

employed FTE or; 

o The predicted outflow of FTE age <60 is smaller than 0.024 FTE per employed 

FTE 

The predicted supply is classified as good when: 

- The predicted outflow of retired employees is smaller than 0.2 FTE per employed FTE and; 

- The predicted outflow of FTE age <60 is larger than or equal to 0.03 FTE per employed 

FTE 

Or 

- The predicted outflow of retired employees is smaller than 0.2 FTE per employed FTE and; 

- The predicted outflow of FTE age <60 is between 0.024 and 0.058 FTE per employed FTE  

 

The decision tree with the part-time factor contains 27 observations that are a ‘bad’ 

prediction and 45 that are a ‘good’ prediction. The model has an accuracy of 79.1% and has an 

average error of 34.7%. 62.3% of the ‘bad’ predictions have been classified correctly and 89.9% 

of the ‘good’ predictions have been classified correctly.  Since the percentage of correct classified 

‘good’ prediction is only 62.3%, there cannot be drawn conclusions on why supply is predicted 

within a 10% margin outside this margin.  
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The predicted supply is classified as bad when: 

- The predicted outflow of retired employees is smaller than 0.2 FTE per employed FTE and; 

- The mutation of the part-time factor is larger or equal to 0.24% 

or 

- The predicted outflow of retired employees is larger than 0.2 FTE per employed FTE and; 

o The predicted outflow of FTE age <60 is larger than or equal to 0.058 FTE per 

employed FTE or; 

o The predicted outflow of FTE age <60 is smaller than 0.024 FTE per employed 

FTE 

The predicted supply is classified as good when: 

- The predicted outflow of retired employees is smaller than 0.2 FTE per employed FTE and; 

- The mutation of the part-time factor is smaller than 0.24% (note that this could also be 

large negative numbers). 

Or; 

- The predicted outflow of retired employees is smaller than 0.2 FTE per employed FTE and; 

- The predicted outflow of FTE age <60 is between 0.024 and 0.058 FTE per employed FTE. 
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Dataset 2017 prediction 2019 

The decision tree without the part-time factor contains 37 observations that are a ‘bad’ 

prediction and 35 that are a ‘good’ prediction. The model has an accuracy of 73.6% and has an 

average error of 53.4%. 86.4% of the ‘bad’ predictions have been classified correctly and 60% of 

the ‘good’ predictions have been classified correctly.  Since the percentage of correct classified 

‘good’ prediction is only 60%, there cannot be drawn conclusions on why supply is predicted 

within a 10% margin outside this margin.  

The decision tree with the part-time factor contains 37 observations that are a ‘bad’ 

prediction and 35 that are a ‘good’ prediction. The model has an accuracy of 77.8% and has an 

average error of 41.9%. 78.4% of the ‘bad’ predictions have been classified correctly and 77.1% 

of the ‘good’ predictions have been classified correctly.   

 

The predicted supply is classified as bad when: 

- The predicted outflow of retired employees is smaller than 0.0086 FTE per employed FTE 

or; 

- The predicted outflow of retired employees is larger than or equal to 0.0086 FTE per 

employed FTE and ; 

o the mutation of the part-time factor is larger than or equal to 7.7% or; 
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o the mutation of the part-time factor is smaller than 7.7% and; 

 the predicted outflow of employees age <60 is smaller than 0.066 FTE per 

employed FTE and; 

 the predicted outflow of students is predicted larger or equal to 0.15 FTE 

per employed FTE 

The predicted supply is classified as good when: 

- The predicted outflow of retired employees is larger than  or equal to 0.0086 FTE per 

employed FTE and; 

- The mutation of the part-time factor is smaller than 7.7% and; 

 the predicted outflow of employees age <60 is larger than or equal to 0.066 

FTE per employed FTE or; 

 The predicted outflow of employees age <60 is smaller than 0.066 FTE per 

employed FTE and the outflow of students from educations is predicted 

smaller than 0.15 FTE per employed FTE. 

 

Dataset 2018 prediction 2019 

The decision tree without the part-time factor contains 44 observations that are a ‘bad’ 

prediction and 28 that are a ‘good’ prediction. The model has an accuracy of 75% and has an 

average error of 41.7%. 85.7% of the ‘bad’ predictions have been classified correctly and 68.1% 

of the ‘good’ predictions have been classified correctly.   
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The predicted supply is classified as ‘bad’ when: 

- The predicted outflow of students is smaller than 0.04 FTE per employed FTE or; 

- The predicted outflow of students is larger than or equal to 0.11 FTE per employed FTE 

or; 

- The predicted outflow of students is between 0.04 FTE and 0.11 FTE per employed FTE 

and; 

o The predicted outflow of retired employees is larger than or equal to 0.013 FTE per 

employed FTE and the predicted outflow of age <60 is predicted larger than or 

equal to 0.042 per employed FTE. 

The predicted supply is classified as ‘bad’ when: 

- The predicted outflow of students is larger than or equal to 0.04 FTE per employed FTE 

and; 

- The predicted outflow of students is between 0.04 FTE and 0.11 FTE per employed FTE 

and; 

o The predicted outflow of retired employees is smaller than 0.013 FTE per employed 

FTE or; 

o The predicted outflow of retired employees is larger than or equal to 0.013 FTE per 

employed FTE and the predicted outflow of age <60 is predicted smaller than to 

0.042 per employed FTE. 

The decision tree with the part-time factor contains 44 observations that are a ‘bad’ 

prediction and 28 that are a ‘good’ prediction.  The model has an accuracy of 75% and has an 

average error of 41.7%. 85.7% of the ‘bad’ predictions have been classified correctly and 68.1% 

of the ‘good’ predictions have been classified correctly.  This model is the same as without the 

part-time factor, so the mutation of the part-time factor does not seem to have influence on the 

correctness of the prediction. 
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9 Appendix Anesthetist 

 General statistics 

 Supply Demand Vacancies 

2016 2248.8 2296.5 47.70 

2017 2220.2 2340.2 120.03 

2018 2186.1 2355 168.84 

2019 2204.7 2382 177.39 
Table 24. Supply, demand and vacancies Anesthesie 

 Shortage (dem) Surplus (dem) 

 Total in FTE mean Sd hospitals Total in 

FTE 

mean sd hospitals 

2023 308.91 5.83 7.1 53 63.08 2.87 2.80 22 

2024 447.13 7.21 7.16 62 22.48 1.73 1.19 11 

2025 530.89 9 11 59 35.82 2.24 1.82 16 

2026 682.42 11.4 9.52 60 56.69 3.78 2.79 15 
Table 25. Shortage and surplus equilibrium year (dem) Anesthesie 

 Shortage (exp) Surplus (exp) 

 Total in FTE mean sd hospitals Total in 

FTE 

mean sd hospitals 

2023 363.77 6.86 7.92 53 95.39 4.34 3.97 22 

2024 577.89 9.47 11.1 61 31.28 2.23 2.40 14 

2025 730.15 11.8 14.1 62 33.81 2.60 1.69 13 

2026 956.93 15.4 12.3 62 33.24 15.4 2.13 13 
Table 26.Shortage and surplus equilibrium year (dem) Anesthesie 

 Vacancies in FTE Hospitals with vacancies Mean sd 

2016 47.70 24 1.99 1.4 

2017 120..03 37 3.24 2.55 

2018 168.84 48 3.52 4.59 

2019 177.39 43 4.13 4.29 
Table 27. Vacancies/shortages base year Anesthesie 
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 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 2340.2 2312.5 2315.7 -27.70 -24.48 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 2355 2328.5 2334.9 -26.46 -20.02 

2017 2356.5 2374 1.58 19 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016 2382.1 2344.5 2354.2 -37.56 -27.89 

2017 2372.9 2407.7 -9.18 25.67 

2018 2375.9 2404.7 -6.14 22.61 
Table 28. Forecasted demand vs observed demand Anesthesie 

 

 Reality 2017 Prediction 17 supply Difference supply 

2016 2220.2 2236.5 16.32 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 2186.1 2224.2 38.07 

2017 2193 6.87 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016 2204.7 2211.9 7.22 

2017 2165.8 -38.85 

2018 2160.5 -44.20 
Table 29. Forecasted supply vs observed supply Anesthesie 

 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 120.03 82.44 89.43 -37.59 -30.61 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 168.84 120.19 135.15 -48.65 -33.69 

2017 165.04 182.01 -3.80 13.17 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 177.39 157.93 180.87 -19.46 3.48 

2017  212.06 247.99 34.67 70.6 

2018  208.56 232.74 31.17 55.35 
Table 30. Forecasted shortages vs observed shortages Anesthesie 
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Year 2016 Correct predicted 

Demand 17 (dem) 50 

Demand 17 (exp) 52 

Supply 17 57 

Demand 18 (dem) 34 

Demand 18 (exp) 36 

Supply 18 42 

Demand 19 (dem) 38 

Demand 19 (exp) 36 

Supply 19 30 

 

 

 

 

 

Table 31. Correct prediction of demand and supply Anesthesie 

 

 Figures 

 

Year 2017 Correct predicted 

Demand 18 (dem) 49 

Demand 18 (exp) 47 

Supply 18 49 

Demand 19 (dem) 38 

Demand 19 (exp) 39 

Supply 19 35 

Year 2018 Correct predicted 

Demand 19 (dem) 50 

Demand 19 (exp) 50 

Supply 19 54 
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10 Appendix Deskundige Infectie preventie 

 General statistics 

 Supply Demand Vacancies 

2016 251.43 265.99 14.56 

2017 256.77 277.02 20.25 

2018 272.41 296 23.59 

2019 283.85 294.02 10.17 
Table 32. Supply, demand and vacancies Deskundige Infectie Preventie 

 

 Shortage (dem) Surplus (dem) 

 Total in 

FTE 

mean Sd hospitals Total in 

FTE 

mean sd hospitals 

2023 31.44 0.953 0.827 33 97.34 2.56 2.07 38 

2024 43.66 1.21 1.04 36 76.67 2.19 1.57 35 

2025 66.82 1.59 2.26 42 74.07 2.55 1.52 29 

2026 88.00 2.15 2.20 41 58.85 1.96 1.61 30 
Table 33. Shortage and surplus equilibrium year (dem) Deskundige Infectie Preventie 

 Shortage (exp) Surplus (exp) 

 Total in FTE mean sd hospitals Total in 

FTE 

mean sd hospitals 

2023 66.112 2.13 1.92 31 90.78 2.27 2.05 40 

2024 78.92 2.25 2.62 35 71.03 1.97 1.66 36 

2025 181.73 4.66 5.52 39 53.74 1.68 1.81 32 

2026 206.58 3.97 4.34 52 43.76 2.30 1.55 19 
Table 34. Shortage and surplus equilibrium year (exp) Deskundige Infectie Preventie 

 

 Vacancies in FTE Hospitals with vacancies Mean sd 

2016 14.56 12 1.21 0.65 

2017 20.25 17 1.19 0.59 

2018 23.59 17 1.39 0.70 

2019 10.17 10 1.02 0.50 
Table 35. Vacancies/shortages base year Deskundige Infectie Preventie 
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 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 277.02 268.7 274.59 -8.32 -2.43 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 296 271.41 283.19 -24.59 -12.81 

2017 279.87 285.71 -16.13 -10.29 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016 294.02 274.12 291.79 -19.90 -2.03 

2017 282.72 294.4 -11.30 0.38 

2018 298.1 317.42 4.08 23.4 
Table 36. Forecasted demand vs observed demand Deskundige Infectie Preventie 

 

 Reality 2017 Prediction 17 supply Difference supply 

2016 256.77 265.63 8.86 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 272.41 279.84 7.43 

2017 267.23 -5.18 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016 283.85 294.04 10.19 

2017 277.69 -6.16 

2018 278.92 -4.94 
Table 37. Forecasted supply vs observed supply Deskundige Infectie Preventie 

 

 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 20.25 11.25 16.21 -9 -4.04 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 23.59 14.62 24.53 -8.97 0.93 

2017 14.45 18.63 -9.15 -4.96 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 10.17 17.98 32.84 7.81 22.67 

2017 19.32 28.68 9.15 18.51 

2018 23.07 40.53 12.90 30.36 
Table 38. Forecasted shortages vs observed shortages Deskundige Infectie Preventie 
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Year 2016 Correct 

predicted 

Demand 17 

(dem) 

35 

Demand 17 

(exp) 

29 

Supply 17 29 

Demand 18 

(dem) 

25 

Demand 18 

(exp) 

24 

Supply 18 18 

Demand 19 

(dem) 

26 

Demand 19 

(exp) 

27 

Supply 19 11 
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Year 2017 Correct 

predicted 

Demand 18 

(dem) 

26 

Demand 18 

(exp) 

24 

Supply 18 23 

Demand 19 

(dem) 

24 

Demand 19 

(exp) 

24 

Supply 19 22 

Year 2018 Correct 

predicted 

Demand 19 

(dem) 

39 

Demand 19 

(exp) 

31 

Supply 19 36 
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11 Appendix Dialyseverpleegkundigen 

 General statisics 

 Supply Demand Vacancies 

2016 1904.3 1955.5 51.2 

2017 1903.7 1979.1 75.4 

2018 1875.6 1947.5 71.9 

2019 1802.1 1896.4 94.2 

 

 Shortage (dem) Surplus (dem) 

 Total in 

FTE 

mean sd total in 

FTE 

mean sd 

2023 410 9.53 19.8 45.8 3.82 2.27 

2024 432 10.3 11.7 43.8 3.37 2.41 

2025 634 12.7 11.4 21 4.21 3.97 

2026 714 14.6 14.2 9.07 1.51 1.53 
Table 39. Shortage and surplus equilibrium year Dialyse (dem) 

 Shortage (exp) Surplus (exp) 

 Total in 

FTE 

mean sd total in 

FTE 

mean sd 

2023 403 11.2 25.6 71.9 3.78 3.75 

2024 351 8.77 11 86.4 5.76 4.23 

2025 573 12.7 10.5 41.7 4.17 4.4 

2026 699 14.6 13.7 13.7 1.96 1.91 
Table 40. Shortage and surplus equilibrium year Dialyse (exp) 

 

 

 

 

 

Table 41. Vacancies/shortages base year 

 

 

 

 Vacancies in FTE Hospitals with 

vacancies 

Mean sd 

2016 51.2 20 2.56 3.14 

2017 75.4 22 3.43 3.99 

2018 71.9 27 2.66 3.04 

2019 94.2 36 2.62 2.51 
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 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 1979.1 1985 1980 5.9 0.9 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 1947.5 2015 2005 67.5 57.5 

2017 2009 1991 61.5 43.5 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016  

1896.4 

2044 2030 147.64 133.64 

2017 2038 2003 141.64 106.64 

2018 1983 1972 86.64 75.64 
Table 42. Forecasted demand vs observed demand Dialyse 

 Reality 2017 Prediction 17 supply Difference supply 

2016 1903.7 1889 -14.7 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 1875.6 1874 -1.63 

2017 1889 13.37 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016  

1802.1 

1859 56.87 

2017 1874 71.87 

2018 1834 31.87 
Table 43. Forecasted supply vs observed supply Dialyse 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 75.37 100.71 97.95 25.34 22.58 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 71.9 152.24 148.32 80.34 76.82 

2017 114.32 104.43 42.42 32.53 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 94.23 203.77 199.49 109.54 105.26 

2017 167.28 145.5 73.05 51.27 

2018 149.14 131.09 54.91 36.86 
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Year 2016 Correct predicted 

Demand 17 (dem) 45 

Demand 17 (exp) 43 

Supply 17 42 

Demand 18 (dem) 36 

Demand 18 (exp) 37 

Supply 18 34 

Demand 19 (dem) 35 

Demand 19 (exp) 33 

Supply 19 31 

 

 

 

  

 

 
Table 44. Correct prediction of demand and supply Dialyse 

  

Year 2017 Correct predicted 

Demand 18 (dem) 35 

Demand 18 (exp) 37 

Supply 18 32 

Demand 19 (dem) 37 

Demand 19 (exp) 33 

Supply 19 35 

Year 2018 Correct predicted 

Demand 19 (dem) 42 

Demand 19 (exp) 40 

Supply 19 48 
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12 Appendix Gipsverbandmeester 

 General statistics 

 

 Supply Demand Vacancies 

2016 297.09 303.99 6.9 

2017 296.9 313.9 17 

2018 318.45 335.7 17.25 

2019 329.92 334.78 14.86 
Table 45. Supply, demand and vacancies Gipsverbandmeester 

 

 Shortage (dem) Surplus (dem) 

 Total in FTE mean sd total in FTE mean sd 

2023 69.6 1.2 1.35 10.9 0.775 0.607 

2024 87.2 1.59 2.7 18.6 1.1 0.575 

2025 94.5 2.3 2.53 36.4 1.17 0.932 

2026 108.2 2.85 2.95 51.8 1.52 1.22 
Table 46. Shortage and surplus equilibrium year (dem) Gipsverbandmeester 

 

 Shortage (exp) Surplus (exp) 

 Total in FTE mean sd total in FTE mean sd 

2023 77.8 1.66 1.94 13.9 0.558 0.675 

2024 124.4 2.39 4.99 15.3 0.764 0.652 

2025 165.7 3.60 4.26 29.8 1.14 1.04 

2026 173.3 3.77 3.96 38.7 1.49 1.06 
Table 47. Shortage and surplus equilibrium year (exp) Gipsverbandmeester 

 

 Vacancies in FTE Hospitals with 

vacancies 

Mean sd 

2016 6.9 6 1.15 0.367 

2017 17.2 13 1.31 0.48 

2018 17 16 1.08 0.552 

2019 14.9 13 1.14 0.593 
Table 48. Vacancies/shortages base year Gipsverbandmeester 
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 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 313.9 305 306 -8.9 -7.9 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 335.7 306 308 -29.7 -27.7 

2017 315 321 -20.7 -14.7 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016  

344.78 

307 310 -37.78 -34.78 

2017 316 328 -28.78 -16.78 

2018 337 348 -7.78 3.22 
Table 49. Forecasted demand vs observed demand Gipsverbandmeester 

 

 Reality 2017 Prediction 17 supply Difference supply 

2016 296.9 291 -5.9 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 318.45 285 -33.45 

2017 291 -27.45 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016  

329.92 

279 -50.92 

2017 285 -44.92 

2018 314 -15.92 
Table 50. Forecasted supply vs observed supply Gipsverbandmeester 

 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 17 15.86 17.03 -1.14 0.03 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 17.25 24.83 27.17 7.58 9.92 

2017 24.46 29.77 7.21 12.52 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 14.86 33.79 37.30 18.93 22.44 

2017 34.92 45.53 20.06 30.67 

2018 23.33 32.27 8.47 19.41 
Table 51. Forecasted shortages vs observed shortages Gipsverbandmeester 
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Year 2016 Correct predicted 

Demand 17 (dem) 40 

Demand 17 (exp) 39 

Supply 17 40 

Demand 18 (dem) 30 

Demand 18 (exp) 27 

Supply 18 28 

Demand 19 (dem) 29 

Demand 19 (exp) 29 

Supply 19 21 

 

 

 

  

 

Table 52. Correct prediction of demand and supply Gipsverbandmeester 

 

 

 

 

 

Year 2017 Correct predicted 

Demand 18 (dem) 44 

Demand 18 (exp) 41 

Supply 18 39 

Demand 19 (dem) 31 

Demand 19 (exp) 32 

Supply 19 26 

Year 2018 Correct predicted 

Demand 19 (dem) 46 

Demand 19 (exp) 43 

Supply 19 41 
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13 IC-Kinderverpleegkundigen 

 General statistics 

 Supply Demand Vacancies 

2016 326 339 13 

2017 321.52 370.52 49 

2018 307.03 356.83 49.8 

2019 333.71 393.51 59.8 
Table 53. Supply, demand and vacancies IC-Kinderverpleegkundigen 

 

 Shortage (dem) Surplus (dem) 

 Total in 

FTE 

mean sd hospitals total in 

FTE 

mean sd hospitals 

2023 5.71 5.71 - 1 43.83 6.26 6.05 7 

2024 80.59 10.1 10.7 8 0 0 - 0 

2025 156.43 22.3 8.37 7 7.23 7.23 - 1 

2026 180.50 25.8 12.8 7 8.37 8.37 - 1 
Table 54. Shortage and surplus equilibrium year (dem) IC-Kinderverpleegkundigen 

 

 Shortage (exp) Surplus (exp) 

 Total in 

FTE 

mean sd Hospitals total in 

FTE 

mean sd Hospitals 

2023 97.18 16.2 15.4 6 7.30 3.65 2.26 2 

2024 244.473 30.5 30.9 8 0 0 - 0 

2025 240.69 34.4 21.2 7 10.32 10.32 - 1 

2026 257.39 36.8 14.2 7 9 9 - 1 
Table 55. Shortage and surplus equilibrium year (exp) IC-Kinderverpleegkundigen 

 

 Vacancies in FTE Hospitals with vacancies Mean sd 

2016 13 4 3.25 1.71 

2017 49 7 7 6.53 

2018 49.8 8 6.22 5.79 

2019 59.8 7 8.54 6.16 
Table 56. Vacancies/shortages base year IC-Kinderverpleegkundigen 
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 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 370.52 338.56 356.85 -31.96 -13.67 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 356.83 338.13 374.7 -18.7 17.87 

2017 370.08 393.45 13.25 36.62 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016 393.51 337.69 392.55 -55.82 -0.96 

2017 369.64 416.38 -23.87 22.87 

2018 359.73 371.33 -33.78 -22.18 
Table 57. Forecasted demand vs observed demand IC-Kinderverpleegkundigen 

 

 Reality 2017 Prediction 17 supply Difference supply 

2016 321.52 332.87 11.35 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 307.03 339.73 32.71 

2017 316.57 9.54 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016 333.71 346.6 12.86 

2017 311.62 -22.09 

2018 295.74 -37.98 
Table 58. Forecasted supply vs observed supply IC-Kinderverpleegkundigen 

 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 49 5.10 25.03 -43.90 -23.98 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 49.8 5.20 37.05 -44.60 -12.75 

2017 53.51 76.89 3.71 27.08 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 59.8 5.31 49.08 -54.50 -10.72 

2017 58.03 104.76 -1.77 44.96 

2018 64.60 76.64 4.8 16.84 
Table 59. Forecasted shortages vs observed shortages IC-Kinderverpleegkundigen 
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Year 2016 Correct predicted 

Demand 17 (dem) 4 

Demand 17 (exp) 5 

Supply 17 5 

Demand 18 (dem) 4 

Demand 18 (exp) 4 

Supply 18 3 

Demand 19 (dem) 2 

Demand 19 (exp) 3 

Supply 19 4 

 

 

 

 

Table 60. Correct prediction of demand and supply IC-Kinderverpleegkundigen 

 

 

 

 

Year 2017 Correct predicted 

Demand 18 (dem) 6 

Demand 18 (exp) 4 

Supply 18 4 

Demand 19 (dem) 2 

Demand 19 (exp) 1 

Supply 19 5 

Year 2018 Correct predicted 

Demand 19 (dem) 6 

Demand 19 (exp) 5 

Supply 19 5 
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14 Appendix IC-neonatologieverpleegkundigen 

 General Statistics 

 

 Supply Demand Vacancies 

2016 607.14 630.14 23 

2017 615.13 651.13 36 

2018 617.81 690.81 73 

2019 606.88 683.78 76.9 
Table 61. Supply, demand and vacancies IC-Neonatologieverpleegkundigen 

 

 Shortage (dem) Surplus (dem) 

 Total in 

FTE 

mean sd hospitals total in 

FTE 

mean sd hospitals 

2023 62.87 5.72 4.71 11 21.45 5.36 3.04 4 

2024 102.24 8.52 6.82 12 15.13 5.04 3.76 3 

2025 235.9 16.8 19 14 4.7 4.7 - 1 

2026 268.98 20.7 19.1 13 13.43 20.7 5.52 2 
Table 62. Shortage and surplus equilibrium year (dem) IC-Neonatologieverpleegkundigen 

 

 Shortage (exp) Surplus (exp) 

 Total 

in FTE 

mean sd Hospitals total in 

FTE 

mean sd Hospitals 

2023 150.92 16.8 21.9 9 30.52 5.09 4.18 6 

2024 172.90 12.4 15.7 14 5.36 5.36 - 1 

2025 339.71 24.3 20.5 14 7.79 7.79 - 1 

2026 352.94 23.5 18.1 15 0 - - 0 
Table 63. Shortage and surplus equilibrium year (exp) IC-Neonatologieverpleegkundigen 

 

 Vacancies in FTE Hospitals with vacancies Mean sd 

2016 23 7 3.29 1.5 

2017 36 7 5.14 2.41 

2018 73 10 7.3 6.33 

2019 76.9 10 7.69 7.29 
Table 64. Vacancies/shortages base year IC-Neonatologieverpleegkundigen 
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 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 651.13 634.63 645.91 -16.5 -5.22 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 690.81 639.11 661.68 -51.70 -29.13 

2017 655.71 667.20 35.1 23.61 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016  

683.78 

643.63 677.45 -40.18 -6.33 

2017 660.29 683.27 -23.49 -0.52 

2018 697.08 711.57 13.30 27.79 
Table 65. Forecasted demand vs observed demand IC-Neonatologieverpleegkundigen 

 

 Reality 2017 Prediction 17 supply Difference supply 

2016 615.13 609 -6.13 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 617.81 610.85 -6.96 

2017 612.41 5.4 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016  

606.88 

612.71 5.83 

2017 609.69 2.81 

2018 601.58 5.30 
Table 66. Forecasted supply vs observed supply IC-Neonatologieverpleegkundigen 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 36 23.55 36.13 -12.45 0.13 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 73 30.11 55.26 -42.89 -17.74 

2017 36.89 55.56 -36.11 -17.44 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 76.9 36.66 74.39 -40.24 -2.5 

2017 47.78 75.11 -29.12 -1.78 

2018 92.74 107.67 15.84 30.77 
Table 67. Forecasted shortages vs observed shortages IC-Neonatologieverpleegkundigen 
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Year 2016 Correct predicted 

Demand 17 (dem) 11 

Demand 17 (exp) 11 

Supply 17 10 

Demand 18 (dem) 6 

Demand 18 (exp) 5 

Supply 18 9 

Demand 19 (dem) 9 

Demand 19 (exp) 9 

Supply 19 8 

 

 

 

 

Table 68. Correct prediction of demand and supply IC-Neonatologieverpleegkundigen 

Year 2017 Correct predicted 

Demand 18 (dem) 10 

Demand 18 (exp) 10 

Supply 18 9 

Demand 19 (dem) 8 

Demand 19 (exp) 8 

Supply 19 9 

Year 2018 Correct predicted 

Demand 19 (dem) 10 

Demand 19 (exp) 9 

Supply 19 10 
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15 Appendix IC-verpleegkundigen 

 General Statistics 

 

 Supply Demand Vacancies 

2016 4024.6 4184.8 160.25 

2017 3826.4 4044.6 218.15 

2018 3813.7 4113.4 299.75 

2019 3755.8 4066.7 310.87 
Table 69. Supply, demand and vacancies IC-Verpleegkundigen 

 Shortage (dem) Surplus (dem) 

 Total in 

FTE 

mean sd hospitals total in 

FTE 

mean sd hospitals 

2023 1096.35 17.1 26.2 64 26.83 2.68 1.81 10 

2024 718.42 12.6 15.3 57 61.34 3.61 3.35 17 

2025 1062.13 17.7 18.8 60 82.65 5.90 4.65 14 

2026 910 16.3 16.3 56 86.94 4.83 4.16 18 
Table 70. Shortage and surplus equilibrium year (dem) IC-Verpleegkundigen 

 Shortage (exp) Surplus (exp) 

 Total in 

FTE 

mean sd Hospitals total in 

FTE 

mean sd Hospitals 

2023 1106.29 19.8 26.5 56 49.82 2.77 2.46 18 

2024 1003.04 19.3 28.8 52 113.50 5.16 4.26 22 

2025 1583.50 26.8 30.4 59 115.24 7.68 7.84 15 

2026 1381.00 22.3 20.7 62 61.91 5.16 5.77 12 
Table 71. Shortage and surplus equilibrium year (exp) IC-Verpleegkundigen 

 Vacancies in FTE Hospitals with 

vacancies 

Mean sd 

2016 160.25 36 4.45 5.92 

2017 218.15 48 4.54 5.19 

2018 299.75 49 612 6.23 

2019 310.87 48 6.48 6.41 
Table 72. Vacancies/shortages base year IC-Verpleegkundigen 
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 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 4044.6 4246.5 4244.6 201.96 200.09 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 4113.4 4308.5 4304.5 194.81 191.08 

2017 4103.3 4136.5 -10.138 23.07 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016 4066.7 

 

4369.9 4364.3 303.27 297.67 

2017 4162 4228.4 95.324 161.74 

2018 4155.2 4225 88.52 158.35 
Table 73. Forecasted demand vs observed demand IC-Verpleegkundigen 

 

 

 Reality 2017 Prediction 17 supply Difference supply 

2016 3826.4 3956.4 129.96 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 3813.7 3888.2 74.52 

2017 3822.4 8.76 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016  

3755.8 

3820 64.20 

2017 3818.4 62.63 

2018 3758.3 2.54 
Table 74. Forecasted supply vs observed supply IC-Verpleegkundigen 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 218.15 287.98 289.4 69.83 71.25 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 299.75 422.71 425.55 122.96 125.8 

2017 263.9 294.28 -35.85 -5.47 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 310.87 557.44 561.69 246.57 250.82 

2017 339.66 412.4 28.79 101.53 

2018 384.06 463.69 73.19 152.82 
Table 75. Forecasted shortages vs observed shortages IC-Verpleegkundigen 
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Year 2016 Correct predicted 

Demand 17 (dem) 52 

Demand 17 (exp) 52 

Supply 17 51 

Demand 18 (dem) 46 

Demand 18 (exp) 42 

Supply 18 50 

Demand 19 (dem) 36 

Demand 19 (exp) 34 

Supply 19 35 

 

 

 

 

Table 76. Correct prediction of demand and supply IC-Verpleegkundigen 

 

 

 

 

 

 

 

Year 2017 Correct predicted 

Demand 18 (dem) 52 

Demand 18 (exp) 53 

Supply 18 46 

Demand 19 (dem) 46 

Demand 19 (exp) 38 

Supply 19 39 

Year 2018 Correct predicted 

Demand 19 (dem) 53 

Demand 19 (exp) 53 

Supply 19 51 



174 

 

 Figures 

  

  

 



175 

 

  

   



176 

 

16 Kinderverpleegkundigen 

 General Statistics 

 

 Supply Demand Vacancies 

2016 2660.7 2755.0 94.37 

2017 2556.2 2759.2 202.96 

2018 2542.6 2690.2 147.61 

2019 2442.7 2578.8 136.06 
Table 77. Supply, demand and vacancies Kinderverpleegkundigen 

 Shortage (dem) Surplus (dem) 

 Total in 

FTE 

mean sd hospitals total in 

FTE 

mean sd hospitals 

2023 373.17 6.91 6.82 54 53.06 2.79 2.74 19 

2024 500.72 9.63 14.9 52 152.15 7.25 15.1 21 

2025 607.54 11 9.88 55 148.32 8.24 21.2 18 

2026 467.62 8.35 9.28 56 198.56 11.7 21 17 
Table 78. Shortage and surplus equilibrium year (dem) Kinderverpleegkundigen 

 Shortage (exp) Surplus (exp) 

 Total 

in FTE 

mean sd Hospitals total in 

FTE 

mean sd Hospitals 

2023 627.68 11 21.6 57 40.58 2.54 2.71 16 

2024 844.84 15.6 27.6 54 148.75 7.83 16.4 19 

2025 906.40 16.2 18.6 56 116 6.82 20.1 17 

2026 618.25 10.7 11 58 143.49 9.57 19.1 15 
Table 79. Shortage and surplus equilibrium year (exp) Kinderverpleegkundigen 

 Vacancies in FTE Hospitals with 

vacancies 

Mean sd 

2016 94.37 26 3.63 3.77 

2017 202.96 43 4.72 9.26 

2018 147.61 41 3.6 4.85 

2019 136.06 40 3.4 4.39 
Table 80. Vacancies/shortages base year Kinderverpleegkundigen 
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 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 2759.2 2762.6 2800.7 3.44 41.58 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 2690.2 2770.2 2846.4 79.93 156.21 

2017 2766.9 2816.6 76.68 126.33 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016 2578.8 2777.7 2892.2 198.95 313.38 

2017 2774.7 2874 195.91 295.2 

2018 2693.7 2741 114.95 162.26 
Table 81. Forecasted demand vs observed demand Kinderverpleegkundigen 

 

 Reality 2017 Prediction 17 supply Difference supply 

2016 2556.2 2636 79.78 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 2542.6 2611.3 68.67 

2017 2543.2 0.53 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016 2442.7 2586.6 143.9 

2017 2530.1 87.4 

2018 2501.6 58.88 
Table 82. Forecasted supply vs observed supply Kinderverpleegkundigen 

 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 202.96 124.77 155.13 -78.19 -47.83 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 147.61 166.17 233.89 18.56 86.28 

2017 191.84 264.66 44.23 117.05 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 136.06 207.57 312.65 71.51 176.59 

2017 243.32 361.36 107.26 225.3 

2018 168.51 232.63 32.45 96.58 
Table 83. Forecasted shortages vs observed shortages Kinderverpleegkundigen 
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Year 2016 Correct predicted 

Demand 17 (dem) 46 

Demand 17 (exp) 47 

Supply 17 52 

Demand 18 (dem) 37 

Demand 18 (exp) 36 

Supply 18 40 

Demand 19 (dem) 37 

Demand 19 (exp) 33 

Supply 19 32 

 

 

 

 

 

Table 84. Correct prediction of demand and supply Kinderverpleegkundigen 

 

 

 

 

 

  

Year 2017 Correct predicted 

Demand 18 (dem) 44 

Demand 18 (exp) 41 

Supply 18 40 

Demand 19 (dem) 37 

Demand 19 (exp) 30 

Supply 19 32 

Year 2018 Correct predicted 

Demand 19 (dem) 51 

Demand 19 (exp) 49 

Supply 19 50 
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17 Klinisch Perfusionisten 

 General Statistics 

 Supply Demand Vacancies 

2016 142.20 135.70 11.5 

2017 126.79 134.79 8 

2018 130.92 142.79 12 

2019 127.40 136.40 9 
Table 85. Supply, demand and vacancies Klinisch Perfusionisten 

 

 Shortage (dem) Surplus (dem) 

 Total in 

FTE 

mean sd hospitals total in 

FTE 

mean sd hospitals 

2023 32.48 2.71 3.12 12 1.69 0.42 0.38 4 

2024 43.31 3.33 2.25 13 0.94 0.31 0.5 3 

2025 43.07 4.31 3.76 10 5.01 0.84 0.8 6 

2026 31.51 3.94 2.43 8 11.39 1.42 1.03 8 
Table 86. Shortage and surplus equilibrium year (dem) Klinisch Perfusionisten 

 

 Shortage (exp) Surplus (exp) 

 Total in 

FTE 
mean sd Hospitals 

total in 

FTE 
mean sd Hospitals 

2023 53.39 3.81 3.34 14 2.03 1.01 0.58 2 

2024 83.95 7 4.56 12 2.51 0.63 1.11 4 

2025 79.90 7.26 4.55 11 4.69 0.94 0.87 5 

2026 50.95 5.1 3.81 10 5.65 0.94 0.653 6 
Table 87. Shortage and surplus equilibrium year (exp) Klinisch Perfusionisten 

 

 Vacancies in FTE Hospitals with vacancies Mean sd 

2016 11.5 6 1.92 0.917 

2017 8 6 1.33 0.516 

2018 12 8 1.5 0.535 

2019 9 6 1.5 0.548 
Table 88. Vacancies/shortages base year Klinisch Perfusionisten 
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 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 134.79 137.78 140.78 3 5.93 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 142.92 139.86 145.74 -3.06 2.82 

2017 136.88 142.46 -6.04 -0.46 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016 136.4 141.95 150.76 5.55 14.36 

2017 138.97 150.13 2.57 13.73 

2018 145.16 150.47 8.76 14.07 
Table 89. Forecasted demand vs observed demand Klinisch Perfusionisten 

 

 Reality 2017 Prediction 17 supply Difference supply 

2016 126.79 123.53 -3.26 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 130.92 122.85 -8.07 

2017 123.97 -6.95 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016 127.4 122.18 -5.22 

2017 121.15 -6.25 

2018 129.44 -2.04 
Table 90. Forecasted supply vs observed supply Klinisch Perfusionisten 

 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 8 13.21 17.48 5.21 9.48 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 12 16.42 23.42 4.42 11.47 

2017 13.05 18.85 1.04 6.85 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 9 19.64 29.45 10.64 20.45 

2017 18.09 29.70 9.09 20.70 

2018 12.15 18.27 3.15 9.27 
Table 91. Forecasted shortages vs observed shortages Klinisch Perfusionisten 
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Year 2016 Correct predicted 

Demand 17 (dem) 10 

Demand 17 (exp) 9 

Supply 17 7 

Demand 18 (dem) 10 

Demand 18 (exp) 7 

Supply 18 8 

Demand 19 (dem) 6 

Demand 19 (exp) 8 

Supply 19 6 

 

 

 

 

Table 92. Correct prediction of demand and supply Klinisch Perfusionisten 

 

 

 

 

 

 

Year 2017 Correct predicted 

Demand 18 (dem) 8 

Demand 18 (exp) 8 

Supply 18 8 

Demand 19 (dem) 5 

Demand 19 (exp) 7 

Supply 19 5 

Year 2018 Correct predicted 

Demand 19 (dem) 10 

Demand 19 (exp) 11 

Supply 19 8 



184 

 

 Figures 

  

  



185 

 

  

   



186 

 

18 Obstetrieverpleegkundigen 

 General statistics 

 

 Supply Demand Vacancies 

2016 2044 2093.4 49.50 

2017 2080.7 2152.4 71.73 

2018 2090.7 2185.7 95.03 

2019 2098.4 2192.9 94.48 
Table 93. Supply, demand and vacancies Obstetrieverpleegkundigen 

 Shortage (dem) Surplus (dem) 

 Total in 

FTE 

mean sd hospitals total in 

FTE 

mean sd hospitals 

2023 201.07 4.79 4.96 42 103.67 3.84 5.62 27 

2024 281.57 5.87 6.71 48 100.1 4.77 8.55 21 

2025 524 10.5 11.3 50 89.08 4.69 7.87 19 

2026 398.48 8.86 7 45 106.17 4.42 3.71 24 
Table 94. Shortage and surplus equilibrium year (dem) Obstetrieverpleegkundigen 

 Shortage (exp) Surplus (exp) 

 Total in 

FTE 

mean sd Hospitals total in 

FTE 

mean sd Hospitals 

2023 259.72 6.83 11.7 38 133.77 4.32 4.83 31 

2024 484.35 10.1 16.4 48 88.18 4.20 4.44 21 

2025 730.57 13.5 13 54 42.48 2.83 2.04 15 

2026 619.34 11.9 11 52 72.78 4.28 4.40 17 
Table 95. Shortage and surplus equilibrium year (exp) Obstetrieverpleegkundigen 

 Vacancies in FTE Hospitals with vacancies Mean sd 

2016 49.50 22 2.25 1.53 

2017 71.73 30 2.39 1.66 

2018 95.03 35 2.72 2 

2019 94.48 37 2.55 1.74 
Table 96. Vacancies/shortages base year Obstetrieverpleegkundigen 

 

 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 2152.43 2101.02 2105.1 -51.41 -47.33 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 2185.73 2108.59 2116.72 -77.14 -68.98 

2017 2160.47 2191.14 -25.26 5.41 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016 2192.93 2116.16 2128.4 -76.77 -64.53 

2017 2168.51 2229.85 -24.53 36.92 

2018 2194.28 2230.45 1.35 37.52 
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Table 97. Forecasted demand vs observed demand Obstetrieverpleegkundigen 

 Reality 2017 Prediction 17 supply Difference supply 

2016 2080.7 2044.68 36.02 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 2090.7 2045.41 45.29 

2017 2073.06 17.64 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016  

2098.45 

2046.13 53.32 

2017 2065.42 33.03 

2018 2050.70 47.75 
Table 98. Forecasted supply vs observed supply Obstetrieverpleegkundigen 

 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 71.73 65.15 70.96 -6.58 -0.77 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 95.03 87.81 102.42 -7.22 7.39 

2017 86.08 115.91 -8.95 20.88 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 94.48 110.46 133.46 15.98 39.40 

2017 118.66 177.32 24.18 82.84 

2018 138.54 178.48 44.06 84 
Table 99. Forecasted shortages vs observed shortages Obstetrieverpleegkundigen 
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Year 2016 Correct predicted 

Demand 17 (dem) 46 

Demand 17 (exp) 46 

Supply 17 51 

Demand 18 (dem) 47 

Demand 18 (exp) 46 

Supply 18 44 

Demand 19 (dem) 47 

Demand 19 (exp) 45 

Supply 19 33 

 

 

 

 

Table 100. Correct prediction of demand and supply Obstetrieverpleegkundigen 

  

Year 2017 Correct predicted 

Demand 18 (dem) 46 

Demand 18 (exp) 49 

Supply 18 49 

Demand 19 (dem) 44 

Demand 19 (exp) 45 

Supply 19 35 

Year 2018 Correct predicted 

Demand 19 (dem) 52 

Demand 19 (exp) 45 

Supply 19 48 
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19 Oncologieverpleegkundigen 

 General statisics 

 Supply Demand Vacancies 

2016 2043 2136.8 93.72 

2017 2205.8 2314 108.17 

2018 2252.6 2397.5 144.96 

2019 2324.2 2486.7 162.45 
Table 101. Supply, demand and vacancies Oncologieverpleegkundigen 

 Shortage (dem) Surplus (dem) 

 Total in FTE mean Sd hospitals Total in 

FTE 

mean sd hospitals 

2023 135.28 8.45 13.3 16 895.16 14.7 12.3 59 

2024 152.31 5.86 7.06 26 594.97 12.7 11.0 49 

2025 301.86 10.1 16.6 30 397.54 9.25 8.73 45 

2026 361.85 10.6 16.7 34 337.41 8.65 8.17 41 
Table 102. Shortage and surplus equilibrium year (dem) Oncologieverpleegkundigen 

 Shortage (exp) Surplus (exp) 

 Total in 

FTE 

mean sd hospitals Total in 

FTE 

mean sd hospitals 

2023 408.91 18.6 23.9 22 681.09 13.4 11.1 53 

2024 541.79 18.7 29.6 29 449.95 10.2 7.41 46 

2025 802.95 21.1 25.2 38 291.32 8.32 8.42 37 

2026 694.57 15.4 19.4 45 215.911 7.71 5.95 30 
Table 103. Shortage and surplus equilibrium year (exp) Oncologieverpleegkundigen 

 

 Vacancies in FTE Hospitals with vacancies Mean sd 

2016 93.72 25 3.75 2.94 

2017 108.17 30 3.61 2.82 

2018 144.96 40 3.62 3.60 

2019 162.45 37 4.39 4.94 
Table 104. Vacancies/shortages base year Oncologieverpleegkundigen 

 

 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 2314 2165.6 2235.3 -148.42 -78.25 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 2397.5 2194.4 2333.8 -203.1 -63.76 

2017 2345.2 2421.6 -52.33 24.03 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016 2486.7 2223.3 2432.3 -263.44 -54.42 

2017 2367.4 2529.1 -110.31 42.41 
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2018 2437.4 2524.2 -49.30 37.46 
Table 105. Forecasted demand vs observed demand Oncologieverpleegkundigen 

 

 

 

 

 

 

 

 

 Reality 2017 Prediction 17 supply Difference supply 

2016 2205.8 2193.8 -12.03 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 2252.6 2344.6 92.02 

2017 2315.7 63.15 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016  

2324.2 

2495.4 171.12 

2017 2425.6 101.35 

2018 2326.8 2.57 
Table 106. Forecasted supply vs observed supply Oncologieverpleegkundigen 

 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 108.17 45.04 101.44 -63.13 -6.73 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 144.96 60.08 152.69 -84.88 7.73 

2017 68.79 132.14 -76.17 -12.82 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 162.45 75.12 209.93 -87.33 41.48 

2017 82.71 200.42 -79.74 37.97 

2018 107.02 196.44 -55.43 33.99 
Table 107. Forecasted shortages vs observed shortages Oncologieverpleegkundigen 
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Year 2016 Correct predicted 

Demand 17 (dem) 33 

Demand 17 (exp) 35 

Supply 17 34 

Demand 18 (dem) 23 

Demand 18 (exp) 21 

Supply 18 29 

Demand 19 (dem) 17 

Demand 19 (exp) 18 

Supply 19 18 

 

 

 

 

 

 
Table 108. Correct prediction of demand and supply Oncologieverpleegkundigen 

 

  

Year 2017 Correct predicted 

Demand 18 (dem) 41 

Demand 18 (exp) 40 

Supply 18 37 

Demand 19 (dem) 25 

Demand 19 (exp) 18 

Supply 19 32 

Year 2018 Correct predicted 

Demand 19 (dem) 35 

Demand 19 (exp) 34 

Supply 19 35 
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20 Operatieassistenten  

 General statisics 

 

 Supply Demand Vacancies 

2016 4006.7 4067.4 60.72 

2017 3966.3 4095.4 129.10 

2018 3991.0 4203.3 212.30 

2019 3981.5 4224.4 242.93 
Table 109. Supply, demand and vacancies Operatieassistenten 

 

 Shortage (dem) Surplus (dem) 

 Total in FTE mean Sd hospitals Total in 

FTE 

mean sd hospitals 

2023 655.03 9.92 10.5 66 16.45 1.83 0.873 9 

2024 686.57 9.82 8.01 71 4.06 1.02 0.47 4 

2025 1114.31 15.7 14.8 71 6.57 1.64 0.81 4 

2026 1060.88 15.2 12.4 70 12.34 2.47 1.42 5 
Table 110. Shortage and surplus equilibrium year (dem) Operatieassistenten 

 

 Shortage (exp) Surplus (exp) 

 Total in FTE mean sd hospitals Total in 

FTE 

mean sd hospitals 

2023 662.18 10.9 10.8 61 79.22 5.66 6.91 14 

2024 864.47 13.7 12.7 64 61.61 5.6 11.7 11 

2025 1330.83 19.9 18.4 67 16.32 2.04 1.33 8 

2026 1310.31 18.5 15.3 71 10.09 2.52 1.67 4 
Table 111.Shortage and surplus equilibrium year (exp) Operatieassistenten 

 

 Vacancies in FTE Hospitals with vacancies Mean sd 

2016 60.72 23 2.64 1.55 

2017 129.10 36 3.59 2.88 

2018 212.30 48 4.42 3.57 

2019 242.93 48 5.06 4.39 
Table 112. Vacancies/shortages base year Operatieassistenten 
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 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 4095.4 4095.2 4087.2 -0.27 -8.22 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 4203.3 4123 4107.1 -80.32 -96.21 

2017 4123.6 4140.8 -79.68 -62.49 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016 4224.3 4150.8 4126.9 -73.62 -97.46 

2017 4151.8 4186.1 -72.63 -38.24 

2018 4240.3 4269.9 15.93 45.47 
Table 113. Forecasted demand vs observed demand Operatieassistenten 

 

 Reality 2017 Prediction 17 supply Difference supply 

2016 3966.3 3951.9 -14.45 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 3991 3897.1 -93.84 

2017 3915.4 -75.54 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016 3981.5 3842.4 -139.07 

2017 3864.5 -116.91 

2018 3900.1 -81.36 
Table 114. Forecasted supply vs observed supply Operatieassistenten 

 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 129.1 145.62 146.64 16.52 17.54 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 212.3 230.52 232.57 18.22 20.27 

2017 207.88 227.3 -4.42 15 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 242.93 315.42 318.49 72.49 75.56 

2017 287.66 333.49 44.73 90.56 

2018 341.16 370.8 98.23 127.87 
Table 115. Forecasted shortages vs observed shortages Operatieassistenten 
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Year 2016 Correct predicted 

Demand 17 (dem) 62 

Demand 17 (exp) 62 

Supply 17 61 

Demand 18 (dem) 52 

Demand 18 (exp) 51 

Supply 18 46 

Demand 19 (dem) 47 

Demand 19 (exp) 45 

Supply 19 42 

 

 

 

 

Table 116. Correct prediction of demand and supply Operatieassistenten 

 

 

 

 

 

 

Year 2017 Correct predicted 

Demand 18 (dem) 55 

Demand 18 (exp) 56 

Supply 18 51 

Demand 19 (dem) 50 

Demand 19 (exp) 49 

Supply 19 37 

Year 2018 Correct predicted 

Demand 19 (dem) 54 

Demand 19 (exp) 56 

Supply 19 54 
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21 Radiodiagnostisch laboranten 

 General statistics 

 

 Supply Demand Vacancies 

2016 3352.8 3381.8 29 

2017 3445.4 3485.9 40.50 

2018 3709.1 3775.7 66.60 

2019 3756.1 3832.8 76.69 
Table 117. Supply, demand and vacancies Radiodiagnostische laboranten 

 

 Shortage (dem) Surplus (dem) 

 Total in 

FTE 

mean Sd hospitals Total in 

FTE 

mean sd hospitals 

2023 308.93 7.02 6.20 44 61.34 2.92 3.35 21 

2024 394.46 8.39 7.35 47 58.83 3.27 370 18 

2025 606.74 10.8 9.89 56 31.35 3.48 2.76 9 

2026 1454.20 23.1 18.1 63 2.86 1.43 0.841 2 
Table 118. Shortage and surplus equilibrium year (dem) Radiodiagnostische laboranten 

 

 Shortage (exp) Surplus (exp) 

 Total in 

FTE 

mean sd hospitals Total in 

FTE 

mean sd hospitals 

2023 382 9.55 7.9 40 142.82 5.71 4.6 25 

2024 517.84 11.8 13.7 44 118.71 5.65 4.33 21 

2025 900.49 16.4 14.2 55 33.4 3.34 2.12 10 

2026 1559.72 24.4 19.6 64 0.62 0.621 - 1 
Table 119. Shortage and surplus equilibrium year (exp) Radiodiagnostische laboranten 

 

 Vacancies in FTE Hospitals with vacancies Mean sd 

2016 29 6 4.83 7.47 

2017 40.50 15 2.7 2.7 

2018 66.60 25 2.66 1.95 

2019 76.69 24 3.2 2.64 
Table 120. Vacancies/shortages base year Radiodiagnostische laboranten 
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 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 3485.9 3427.5 3426.2 -58.42 -59.62 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 3775.7 3473.1 3470.7 -305.59 -304.99 

2017 3533.5 3542.6 -242.21 -233.14 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016 3832.8 3518.8 3515.2 -313.99 -317.59 

2017 3581.2 3599.3 -251.65 -233.51 

2018 3814.9 3856.6 -17.92 23.75 
Table 121. Forecasted demand vs observed demand Radiodiagnostische laboranten 

 

 

 Reality 2017 Prediction 17 supply Difference supply 

2016 3445.4 3367.2 -78.15 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 3709.1 3381.7 -327.44 

2017 3450.9 -258.27 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016 3756.1 3396.2 -359.98 

2017 3456.3 -299.79 

2018 3675.6 -80.52 
Table 122. Forecasted supply vs observed supply Radiodiagnostische laboranten 

 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 40.5 67.28 79.43 26.78 38.93 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 66.6 107.55 129.86 40.95 63.26 

2017 86.78 104.83 20.18 38.23 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 76.69 147.83 180.29 71.14 103.6 

2017 138.06 173.67 61.37 96.98 

2018 142.05 184.87 65.36 108.18 
Table 123. Forecasted shortages vs observed shortages Radiodiagnostische laboranten 
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Year 2016 Correct predicted 

Demand 17 (dem) 52 

Demand 17 (exp) 50 

Supply 17 50 

Demand 18 (dem) 35 

Demand 18 (exp) 33 

Supply 18 31 

Demand 19 (dem) 34 

Demand 19 (exp) 30 

Supply 19 30 

 

 

 

 

Table 124. Correct prediction of demand and supply Radiodiagnostische laboranten 

 

 

 

 

 

 

Year 2017 Correct predicted 

Demand 18 (dem) 42 

Demand 18 (exp) 39 

Supply 18 40 

Demand 19 (dem) 42 

Demand 19 (exp) 37 

Supply 19 36 

Year 2018 Correct predicted 

Demand 19 (dem) 49 

Demand 19 (exp) 49 

Supply 19 43 
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22 Radiotherapeutische laboranten 

 General statisics 

 

 Supply Demand Vacancies 

2016 978.44 980.44 2 

2017 982.59 985.49 3 

2018 996.98 1005.95 9 

2019 1025.51 1048.01 22.5 
Table 125. Supply, demand and vacancies Radiotherapeutische laboranten 

 

 Shortage (dem) Surplus (dem) 

 Total in FTE mean Sd hospitals Total in 

FTE 

mean sd hospitals 

2023 59.52 5.95 4.13 10 29.89 3.74 1.73 8 

2024 66.32 4.74 2.42 14 16.68 4.17 3.06 4 

2025 150.81 10.1 10.2 15 2.14 0.71 0.92 3 

2026 381.03 21.2 22.3 18 0 0 0 0 
Table 126. Shortage and surplus equilibrium year (dem) Radiotherapeutische laboranten 

 

 Shortage (exp) Surplus (exp) 

 Total in FTE mean sd hospitals Total in 

FTE 

mean sd hospitals 

2023 57.52 6.34 5.97 9 59.93 6.66  9 

2024 71.05 7.11 6.18 10 31.25 3.91  8 

2025 188.66 13.5 15.4 14 13.11 3.28  4 

2026 408.85 22.7 31.6 18 0 0 0 0 
Table 127. Shortage and surplus equilibrium year (exp) Radiotherapeutische laboranten 

 

 Vacancies in FTE Hospitals with vacancies Mean sd 

2016 2 2 1 0 

2017 3 3 1 0 

2018 9 5 1.8 1.30 

2019 22.5 7 3.21 4.04 
Table 128. Vacancies/shortages base year Radiotherapeutische laboranten 
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 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 985.49 993.76 989.12 8.27 3.63 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 1006 1007.1 997.8 1.1 -8.18 

2017 999.26 997.86 -6.72 -8.12 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016 1048 1020.4 1006.5 -27.61 -41.53 

2017 1013 1010.2 -34.97 -37.78 

2018 1021.1 1025 -26.89 -23.05 
Table 129. Forecasted demand vs observed demand Radiotherapeutische laboranten 

 

 Reality 2017 Prediction 17 supply Difference supply 

2016 982.49 987.81 5.32 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 996.98 997.18 0.20 

2017 989.6 7.38 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016 1025.5 1006.6 18.96 

2017 996.72 28.80 

2018 992.17 22.34 
Table 130. Forecasted supply vs observed supply Radiotherapeutische laboranten 

 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 3 9.36 9.01 6.36 6.01 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 9 17.72 17.03 8.72 8.03 

2017 11.12 11.01 2.12 2.01 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016 22.5 26.08 25.04 3.58 2.54 

2017 20.37 21.02 -2.12 -1.48 

2018 29.26 34.67 6.76 12.17 
Table 131. Forecasted shortages vs observed shortages Radiotherapeutische laboranten 
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Year 2016 Correct predicted 

Demand 17 (dem) 18 

Demand 17 (exp) 18 

Supply 17 17 

Demand 18 (dem) 16 

Demand 18 (exp) 15 

Supply 18 15 

Demand 19 (dem) 15 

Demand 19 (exp) 12 

Supply 19 13 

 

 

 

 

Table 132. Correct prediction of demand and supply Radiotherapeutische laboranten 

  

Year 2017 Correct predicted 

Demand 18 (dem) 17 

Demand 18 (exp) 17 

Supply 18 17 

Demand 19 (dem) 16 

Demand 19 (exp) 14 

Supply 19 17 

Year 2018 Correct predicted 

Demand 19 (dem) 16 

Demand 19 (exp) 16 

Supply 19 15 
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23 Appendix SEH-verpleegkundigen 

 General statistics 

 

 Shortage (dem) Surplus (dem) 

 Total in 

FTE 

mean sd hospitals total in 

FTE 

mean sd hospitals 

2023 272.22 8.01 8.05 34 181.51 4.78 4.22 37 

2024 203.00 5.49 5.35 37 187.57 5.36 4.09 35 

2025 597.39 10.9 8.63 55 102.2 6.01 5.31 17 

2026 467.88 11.4 11.1 41 166 5.35 5.38 31 
Table 133. Shortage and surplus equilibrium year (dem) SEH-verpleegkundigen 

 

 Shortage (exp) Surplus (exp) 

 Total 

in FTE 

mean sd Hospitals total in 

FTE 

mean sd Hospitals 

2023 398.98 6.49 8.97 38 183.40 4.58 4.3 34 

2024 397.14 2.99 9.08 46 115.04 4.69 3.74 26 

2025 908.86 10.3 12.3 57 113.28 6.13 6.47 15 

2026 678.03 9.27 13.4 47 154.09 5.36 5.63 25 
Table 134.Shortage and surplus equilibrium year (exp) SEH-verpleegkundigen 

 

 Vacancies in FTE Hospitals with vacancies Mean sd 

2016 97.08 34 2.86 2.50 

2017 156 53 2.94 2.58 

2018 199.29 49 4.07 3.75 

2019 174.17 39 4.47 3.04 
Table 135. Vacancies/shortages base year SEH-verpleegkundigen 
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 Reality 2017 Prediction 17 P1 Prediction 17 P2 Difference P1 Difference P2 

2016 2165.42 2120.8 2138.76 -44.62 -26.66 

 

 Reality 2018 Prediction 18 P1 Prediction 18 P2 Difference P1 Difference P2 

2016 2184.55 2135.74 2171.70 -48.81 -12.85 

2017 2180.84 2218.94 3.71 34.99 

 

 Reality 2019 Prediction 19 P1 Prediction 19 P2 Difference P1 Difference P2 

2016  

2227.68 

2150.70 2204.64 -76.98 -23.04 

2017 2196.27 2272.47 -31.41 44.79 

2018 2202.48 2245.39 -25.2 17.71 
Table 136 .Forecasted demand vs observed demand 

 

 Reality 2017 Prediction 17 supply Difference supply 

2016 2009.42 2024.61 15.19 

    

 Reality 2018 Prediction 18 supply Difference supply 

2016 1985.26 2040.48 55.22 

2017 2056.35 71.09 

    

 Reality 2019 Prediction 19 supply Difference supply 

2016  

2053.51 

2056.35 2.84 

2017 2080.43 26.92 

2018 1960.92 -92.59 
Table 137. Forecasted supply vs observed supply SEH-verpleegkundigen 

 Reality 2017 Prediction 17 R1 Prediction 17 R2 Difference R1 Difference R2 

2016 156 92.19 117.92 63.81 38.08 

 

 Reality 2018 Prediction 18 R1 Prediction 18 R2 Difference R1 Difference R2 

2016 199.29 122.19 164.76 -70.1 -34.53 

2017 101.86 157.88 -97.43 -41.41 

 

 Reality 2019 Prediction 19 R1 Prediction 19 R2 Difference R1 Difference R2 

2016  

174.71 

152.20 211.61 -22.51 36.9 

2017 118.72 197.75 -55.99 23.04 

2018 250.16 292.94 75.45 118.23 
Table 138 Forecasted shortage vs observed shortage SEH-verpleegkundigen 
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Year 2016 Correct predicted 

Demand 17 (dem) 51 

Demand 17 (exp) 52 

Supply 17 47 

Demand 18 (dem) 41 

Demand 18 (exp) 38 

Supply 18 35 

Demand 19 (dem) 31 

Demand 19 (exp) 30 

Supply 19 34 

 

 

 

  

 

Table 139. Correct prediction of demand and supply SEH-verpleegkundigen 

  

Year 2017 Correct predicted 

Demand 18 (dem) 41 

Demand 18 (exp) 43 

Supply 18 45 

Demand 19 (dem) 38 

Demand 19 (exp) 38 

Supply 19 35 

Year 2018 Correct predicted 

Demand 19 (dem) 46 

Demand 19 (exp) 48 

Supply 19 44 
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