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Abstract: The combination of increasing demand and a shortage of nurses puts pressure on hospital
care systems to use their current volume of resources more efficiently and effectively. This study
focused on gaining insight into how nurses can be assigned to units in a perinatology care system to
balance patient demand with the available nurses. Discrete event simulation was used to evaluate
the what-if analysis of nurse flexibility strategies and care system configurations from a case study of
the Perinatology Care System at Radboud University Medical Center in Nijmegen, the Netherlands.
Decisions to exercise nurse flexibility strategies to solve supply–demand mismatches were made by
considering the entire patient care trajectory perspective, as they necessitate a coherence perspective
(i.e., taking the interdependency between departments into account). The study results showed that in
the current care system configuration, where care is delivered in six independent units, implementing
a nurse flexibility strategy based on skill requirements was the best solution, averaging two fewer
under-/overstaffed nurses per shift in the care system. However, exercising flexibility below or
above a certain limit did not substantially improve the performance of the system. To meet the actual
demand in the studied setting (70 beds), the ideal range of flexibility was between 7% and 20% of
scheduled nurses per shift. When the care system was configured differently (i.e., into two large
departments or pooling units into one large department), supply–demand mismatches were also
minimized without having to implement any of the three nurse flexibility strategies mentioned in
this study. These results provide insights into the possible solutions that can be implemented to deal
with nurse shortages, given that these shortages could potentially worsen in the coming years.

Keywords: nurses; flexibility; hospital care system; inpatient wards; capacity management

1. Background

The demand for hospital care has been growing in recent years due to an increase in
the aging population [1] and developments in medical technology [2]. Given the increasing
demand, the supply of hospital resources is expected to increase as well, leading to an ade-
quate match between supply and demand. However, in reality, hospitals are experiencing
a supply (e.g., nurse) shortage, and this could potentially worsen in the coming years [3,4].

The combination of increasing demand and a shortage of nurses puts pressure on
the hospital care system to use the current volume of resources more efficiently and effec-
tively [5]. The matching between the availability of resources on the one hand and, on the
other, the demand for appropriate good-quality patient care is becoming the objective of
resource planning and control in hospitals [5–7].

The matching between resources and demand in a specific department is also deter-
mined in part by other departments [8]. An example of this is the throughput problem

Healthcare 2022, 10, 925. https://doi.org/10.3390/healthcare10050925 https://www.mdpi.com/journal/healthcare

https://doi.org/10.3390/healthcare10050925
https://doi.org/10.3390/healthcare10050925
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/healthcare
https://www.mdpi.com
https://orcid.org/0000-0003-1918-3487
https://doi.org/10.3390/healthcare10050925
https://www.mdpi.com/journal/healthcare
https://www.mdpi.com/article/10.3390/healthcare10050925?type=check_update&version=2


Healthcare 2022, 10, 925 2 of 26

concerning patients going from the intensive care departments to inpatient wards. A lack
of a capacity limit on inpatient wards means that patients have to remain in the intensive
care department longer than medically necessary, even though the cost of a stay in the
intensive care department is higher than the cost of a stay in an inpatient ward. Inpatient
wards, in turn, often have patients who are waiting for a place in post-hospitalization care,
such as in a rehabilitation facility.

A recent study summarized ways of matching resources and demand in inpatient
wards settings [9], such as by focusing on the outflows of patients; creating an extra capacity
by discharging patients who are supposed to be discharged but who are still in the system
due to non-practical reasons [10,11]; and focusing on capacity adjustments, i.e., creating
extra capacity by reallocating the capacity from less-utilized wards to more highly utilized
wards [5,12,13].

In this article, we focus on capacity adjustment, providing insights into how nurses
can be scheduled and reallocated to units in a care system to balance patient demand with
the number of available nurses. We achieve this by presenting four objectives: to provide
insight into how decisions about the care system configuration, taken at the strategic level,
influence under-/overstaffing occurrences at the real-time level; to report on which nurse
flexibility strategy is best for minimizing under-/overstaffing occurrences; to report on the
flexibility limit needed for minimizing under-/overstaffing occurrences; and how to create
a reallocation process at the real-time level. A case study of the Perinatology Care System
at the Radboud University Medical Center (Radboudumc) in Nijmegen, the Netherlands,
is presented.

1.1. Nurse Capacity Planning and Control in Hospitals

Before a nurse actually cares for specific patients during a specific shift on a specific
day, several stages of planning are required. As reported by earlier studies, capacity
planning and control processes are hierarchically structured as being strategic, tactical,
operational, and real-time (also referred to as operational online) [14,15]. Decisions made
at an earlier level will govern the planning freedom at subsequent levels.

At the strategic level, hospitals decide how to organize the beds within the care system
(e.g., how many beds a department should have, given the expected patient demand)
and the process and product parameters necessary for providing care [15]. Based on this,
hospitals subsequently decide whether nurses will be allocated and scheduled exclusively
to decentralized departments or whether some of the nurses will be allocated to a central-
ized float pool [16,17]. At this level, hospitals also decide which methods will be used to
deal with variability in patient arrivals. Several studies [18–20] have shown that when the
number of resources (such as nurses) is flexible (i.e., the capability to increase or decrease
the volume capacity), this can help meet fluctuations in patient demand in the departments.
When nurses have a broad range of skills, this can also help to meet variable demand
because it enables resources to flow where they are needed.

Once decisions have been made on how to organize beds and nurses, an aggregate
plan is developed, still at the strategic level, to calculate the required number of full-time
equivalent (FTE) nurses and the accompanying skill requirements per department. At
the tactical level, the aggregate plan is then used to create a general rostering guideline
(also referred to as a resource master plan) for each department, which, in turn, is used
to create guidelines to determine the required number of nurses for every shift of the day.
The output of this is a primary roster that a department’s planner can use when scheduling
nurses on the duty roster.

At the operational level, individual nurses are then scheduled to work specific shifts 4
to 8 weeks in advance of the actual shifts. Patients being admitted for surgical procedures
are also scheduled at this level, although the planning horizon for these patients is much
shorter than that for nurses.

At the real-time level, due to the variability in both patient demand and the supply
of resources during the actual working shift, the number of nurses planned for at the



Healthcare 2022, 10, 925 3 of 26

operational level may be insufficient to care for the actual number of patients. Conversely,
the number of nurses planned for can also be too high and lead to overstaffing, which is a
sign of inefficiency.

Recent studies have shown how mismatches between resources and patient demand
can be alleviated if a resource can be reallocated during a short period of time that is
closer to real-time to allow departments to adequately respond to variability in patient
demand [13,21]. This “short-term” period can be defined as a minimum of a few hours to a
maximum of one day, depending on the departments’ ability to mitigate capacity problems
when understaffing occurs (e.g., by using on-call nurses, flexible nurses, nurses who are
able to work overtime, and agency nurses). For example, Munavalli et al. [22] studied
outpatient settings in which generic resources were rescheduled hourly within the shifts.
For most inpatient wards, the reallocation of nurses is performed some hours before the
start of each standard 8 h shift [23].

Because departments are interdependent, decisions to adjust or reallocate resources
have to be made by considering the entire patient care trajectory perspective [8,22,24].
Munavalli et al. [21] suggested treating the hospital system as a closed-loop system. In a
closed-loop system, capacity decisions are aimed at stability at a hospital-wide level rather
than in a specific subsystem alone. Thus, this necessitates a coherence perspective [25] (i.e.,
taking the interdependency between departments into account) to solve supply–demand
mismatches. When making capacity decisions, a coherence perspective is the demand and
capacity status of all of the interdependent departments.

1.2. The Perinatology Care System at Radboudumc

Perinatology (also known as maternal–fetal medicine) is a rapidly growing field that
is concerned with delivering care to mothers and newborns. A perinatology care system
is often modeled after a complete hospital system, with pre- and post-care bed units and
various levels of care units [26], but frequently on a smaller scale.

At Radboudumc (one of the eight academic hospitals in the Netherlands), the Peri-
natology Care System consists of two local systems (i.e., departments): Obstetrics and
Neonatology. There are 70 beds in total. The Obstetrics Department has three units: the
inpatient wards (25 beds for adults and 7 for newborns), the Obstetrics High Care (OHC)
Unit (3 beds), and the delivery rooms (6 beds). These different units are based on the
type of care provided to the adults (the mothers) and will hereafter be referred to as O1,
O2, and O3, respectively. There are also three units in the Neonatology Department: the
Neonatal Intensive Care Unit (NICU) (14 beds), the Neonatal Post-Intensive Care (Post-IC)
Unit (4 beds), and the Neonatal High Care/Medium Care (HC/MC) Unit (11 beds). We
will refer to these units as N1, N2, and N3, respectively. The nursing capacity is managed
independently in each department, and these nurses do not move between departments.
In other words, nurses are allocated to shifts in their dedicated unit within their dedicated
department, either Neonatology or Obstetrics.

Although the care in the Neonatology Department and the Obstetrics Department
is configured separately, in terms of patient demand, the Neonatology and Obstetrics
Departments are interdependent. Each year, an average of 35% of newborns are transferred
from the Obstetrics Department to the Neonatology Department. When the Neonatology
Department is full, the Obstetrics Department refuses expectant mothers.

1.3. What This Article Contributes

In this article, we provide insight into how the planning and control of nurses in
hospitals can be improved to minimize under-/overstaffing occurrences. Although recent
studies have shown relevant results with regards to nurse planning and control in hospitals,
to the best of the authors’ knowledge, most of them address one or two specific levels of
planning. These include strategic decisions about the dimensioning of hospital depart-
ments [24,26–28], creating a resource master plan for tactical planning [29–32], allocating
nurses to or scheduling nurses for a shift [16,33,34], and how to reallocate resources in a



Healthcare 2022, 10, 925 4 of 26

manner that is closer to real-time [21]. In this article, we report on the dynamic relationship
between the decisions made at the strategic level and how these set the boundaries at
the real-time level in hospital settings. We do this by providing insight into the conse-
quences of care system configuration decisions made at the strategic level towards the
under-/overstaffing occurrences at the real-time level. Additionally, for each type of care
system configuration, we show which type of workforce flexibility is the best in terms of
minimizing supply–demand mismatches.

Second, despite the growing interest in studying capacity management in perinatology
care systems, we only found a limited number of published articles that address neonatol-
ogy and obstetrics departments in a combined setting. Among these articles, obstetrics and
neonatal unit settings are studied in Cochran and Bharti [26], Takagi et al. [35], Asaduzza-
man et al. [27], and Ferraro et al. [36]. However, most of these studies dealt with capacity
decisions at the strategic level. In this article, we provide insight into how nurses can be
assigned to units in a perinatology care system to balance patient demand with the number
of available nurses. In concrete terms, we answer the following questions:

• What is the optimal care system configuration for minimizing under-/overstaffing at
the real-time level?

• What is the best nurse flexibility strategy for minimizing under-/overstaffing at the
real-time level?

• What would the minimum limit of flexibility needed by the system to minimize
under-/overstaffing be?

• How can nurses be reallocated to a shift to minimize under-/overstaffing?

2. Method
2.1. Defining Flexibility: The Skill Matrix and the Planning Horizon

At the strategic level, the care system configuration addresses the organization of
beds and nurses in a care system. These decisions are about the number of beds per
department and how nurses are allocated to the department based on the process and
product parameters that are necessary for providing care. Given the decisions about the
care system configuration, the skill matrix of the nurses and the patient categories within
the care system is quantified. This skill matrix is necessary because it shows which types
of nurses can work in each department. At the operational level, the planners from each
department will schedule nurses based on the skill matrix. At the real-time level, such a
skill matrix will indicate whether a nurse can be reallocated from one location to another.
Since nurses are often only assigned to work in their dedicated department, this means that
they are unable to move between departments.

To deliver a good standard of care for a given level of patient demand, departments
must have sufficient resources (e.g., nurses). Unfortunately, many hospitals are experienc-
ing a nurse shortage [3,37], making it challenging to deliver good-quality care. A study by
Buchan and Aiken [3] showed that in hospitals with lower nursing staff levels, patient mor-
tality was higher, and nurses were more likely to report burnout. One way to deal with the
shortage of nurses and increasing (variable) demand is to create a nurse flexibility strategy.

We define flexibility as the capability of an organization to increase or decrease the
resource capacity to meet variable demand [5,38,39]. A nurse flexibility strategy utilizes
the fundamental components of flexibility: labor flexibility and volume flexibility. Labor
flexibility means that nurses have a broad range of skills, so they are able to work in more
than one department. Volume flexibility means that the number of nurses allocated to the
departments depends on fluctuations in patient demand in the departments. There are
many variants of nurse flexibility strategies in the nursing literature, such as “float pools”,
“resource teams”, and “cross-trained nurses”, and these terms are used interchangeably [9].
For example, Gnanlet and Giland [18] studied in-house nurses who were trained to float
between similar wards within a specialization. More reviews on nurse flexibility variants
can be found in Dziuba-Ellis [39].
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If managed properly, the nurse flexibility strategy can improve the quality of care and
reduce staffing costs [12,39]. In terms of improving the quality of care, a nurse flexibility
strategy can enable a unit to continue to operate, even when there are spikes in patient
admissions or nurse absenteeism. Implementing such a strategy allows a unit to operate
with the required number of nurses and, thus, reduces the risk of patient neglect and
medication errors. Additionally, when nurses are properly trained to work in other units,
they can supplement those working in short-staffed units to maintain quality [12].

Given the chosen nurse flexibility strategy, a skill matrix is designed to show which
nurses can work in other units and which nurses can float within the care system as a whole.
In this article, we present three nurse flexibility strategy models, as shown in Figure 1.

Figure 1. Nurse flexibility strategies, as explained in Section 2.2.

To reallocate nurses at the real-time level, a planning horizon is needed. A planning
horizon is defined as the interval needed to predict and subsequently reallocate nurses
closer to the actual working shift. This is often based on the departments’ ability to react
and solve capacity problems [23]. When the demand is too unpredictable, the planning of
resources in a manner that is closer to real-time is needed [40]. In this study, the planning
horizon is 8 h. This means that reallocation planning is performed after every 8 h of the
actual working shift.

2.2. Nurse Flexibility Strategies

In this article, we present three nurse flexibility strategy models, which are shown in
Figure 1: Model 1, a flexibility strategy based on skill requirements; Model 2, a flexibility
strategy with a centralized float pool; and Model 3, a flexibility strategy that combines a
centralized float pool with skill requirements.
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2.3. Model 1: Nurse Flexibility Based on Skill Requirements

In Model 1, nurses from other units are reallocated based on skill requirements. This
model is a modification of Inman’s [12] reciprocal pairs cross-training policy, whereby units
pair up and each unit cross-trains one nurse to serve in the paired unit. In our study, we
paired nurses based on their skill requirements. Specifically, nurses working in highly
complex units are paired up with less complex units, allowing them to work in the paired
(less complex) unit. Reallocation that is the other way around is not permitted. In the
example in Figure 1, A1 and B2 are highly complex units. As such, nurses from A1 can care
for patients in less complex units such as A2 and B1. Similarly, nurses from B2 can work in
units B1 and A2. However, nurses from A2 and B1 cannot work in units A1 and B2.

2.4. Model 2: Nurse Flexibility with a Centralized Float Pool

Below, we model partial resource pooling, in which some nurses are dedicated to each
unit, and the remaining nurses are pooled and shared between them. The number of nurses
allocated to the float pool is decided based on the reallocation rate acquired from Model 1.
For example, 38 nurses were scheduled to work during the next shift. Of the 38 nurses, 4
were supposed to be reallocated to meet the actual demand. The reallocation rate would,
therefore, be 11% (i.e., 4 out of 38 nurses). We refer to this reallocation rate as the flex rate
% (r).

Given that:
n = Shi f ts = {day, evening, night}

i = Units = {1, 2, 3, . . . . . . , k }

let j be a location, then:

Zji = skill matrix =

{
1, i f nurses in location j can be reallocated to location i

0, otherwise

Nn
ji = the number of nurses to be reallocated from location j to location i in shi f t n;

Mn = the total number of reallocated nurses in shift n;

fn = the float pool in shift n

ani = the number of available nurses in shift n, location i;

dni = the number of required nurses for shift n, location i;

eni = the excess nurses for shift n, location i;

eni = ani − dni ∀n, i;

eni =


< 0, i f location i is short o f a nurse f or shi f t n
= 0, i f location i has enough nurses f or shi f t n

> 0, i f location i has more than enough nurses f or shi f t n
.

We calculated the number of nurses that we want to reallocate:

Nn
ji = min

(
−eni, enj

)
× Zji, where eni < 0 and enj > 0 ∀i, j, n i 6= j (1)

The total number of reallocated nurses in shift n is calculated as

Mn = ∑j ∑i Nn
ji ∀n (2)

Therefore, the flex rate % (r) is

r = ∑n Mn

∑n ∑i ani
× 100 (3)
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The number of nurses in the float pool is

fn= ∑i ani × r ∀n. (4)

After pooling the float nurses into the pool, the new number of available nurses during
shift n and at location i (a f

ni) is

a f
ni = ani − (ani × r) (5)

2.5. Model 3: Combination of Models 1 and 2

This model combines Models 1 and 2 in that the nurses are first reallocated from the
centralized float pool, and this is then complemented by nurses from other units if extra
nurses are still needed.

2.6. The Best Flexibility Strategy

The best strategy is the one that can minimize under-/overstaffing nurses per shift
the most. For every Model r, where r = {1, 2, . . . s}, we calculated the average number
of understaffed nurses per shift (Ur) and the average number of overstaffed nurses per
shift (Or). The best strategy, based on the average number of understaffed nurses (Bru),
can, therefore, be defined as Max (Ur), that is, the one that has the value closest to zero.
Additionally, (Bro) as Min (Or,), that is, the one with the lowest value of Or, also has the
value that is the closest to 0.

2.7. Reallocation Process at the Real-Time Level

The reallocation process involves reallocating nurses from the primary roster to a new
roster, which can involve working in other units (within or outside the nurses’ dedicated
departments), depending on the chosen flexibility strategy. We developed two fundamental
steps for the reallocation process. Step 1 is a short-term demand prediction model that
makes use of a coherence-based perspective. For Step 2, we developed three different nurse
reallocation algorithms (which can be found in the Appendix A.2) based on the chosen
flexibility strategy to meet the demand predicted in Step 1.

In Step 1, the short-term prediction is performed every 8 h using the units of the care
system. For example, to predict the workload for the evening shift, the prediction process
is started during the previous shift, the day shift. In our study, a Markov-based model
was developed to predict demand in the care system. Since patient flows in a care system
involve a number of states that evolve during the care process, these flows can also be
represented by Markov models [4,41]. With Markov models, a matrix calculation is used to
find the probability of patients moving from one unit to another in the future [42].

For Step 2, decisions to reallocate nurses are made simultaneously at the beginning
of the planning horizon (i.e., every 8 h) for all units by taking into account the status (e.g.,
under-/overstaffed) of all of the units in the care system. In the literature, this process is
referred to as centralized decision making [18]. The decisions to reallocate nurses should be
made centrally by a central planner and governed by central rules, such as the reallocation
algorithm that is provided in Appendix A.2.

2.8. The Optimal Care System Configuration

In this study, we used the current care system configuration as the starting point
for evaluating the three nurse flexibility models. As shown in Figure 2, part a, there are
two departments in the current configuration, and each department has three units. We
then experimented with the configurations shown in part b (Configuration 1) and part c
(Configuration 2). In Figure 2, part b, the resources in the three units in each department
are pooled. We then evaluated the responses of the three models (i.e., under-/overstaffing)
accordingly. Finally, we experimented with the configuration in Figure 2, part c, in which
the care system consists of one large department to care for mothers and newborns.
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Figure 2. Care system configurations. Part (a): two departments in the current configuration, in
which each department has three separate units and dedicated resources. Part (b): the resources of the
three units in each department are pooled. Part (c): the care system consists of one large department
(with its resources) to care for mothers and newborns.

The optimal care system configuration is chosen based on several criteria, as we
explain below.

1. The first criterion is the configuration that can minimize the average of under-/overstaffed
nurses per shift, which are Bru and Bro, with or without the use of a flexibility strategy.

2. The second criterion pertains to the regret that arises from having made a decision [43].
When a decision is made with the information that is currently available, it still might
be wrong, given the uncertainty of several variables. This consequence of decision
making under uncertain conditions is referred to as decision regret [43]. As explored in
Bell [43], “regret” is quantified as the difference in the value between the real outcomes
and the best outcomes produced by other alternatives. This definition allows there
to be both positive and negative values of regret. In this study, we focused on the
negative values of expected understaffing, given different demand conditions.

3. The third criterion is the configuration that requires the lowest training cost to im-
plement. We define the cost of the training (Er) nurses need to acquire the skills
required to be able to adopt the flexibility strategy in Model r (whereas r = {1, 2, . . . s}).
If we refer to the model that requires the lowest cost as (Cr) = Min (Er), then the
optimal configuration is defined as Br ∩Cr. This configuration results in the minimum
number of under-/overstaffed nurses per shift and is also the one that costs the least
to implement.

2.9. Study Design
2.9.1. Simulation and Optimization

As shown in Figure 3, the design of our study is based on the decision support system
design published by van Merode et al. [44]. Given the initial care system configuration
in the case study, we simulated the care delivery at the real-time level to measure the
under-/overstaffing occurrences. We created a reallocation process to accommodate the
flexibility strategy at the real-time level. The reallocation process was governed by the
skill requirements that result from how the care system is configured and which flexibility
strategy was chosen at the strategic level.
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Figure 3. Study design.

Given the skill requirements and the known primary roster (i.e., the available number
of nurses planned for the shift), we experimented with two demand conditions: actual
demand based on historical data (coefficient of variation (CV) of 31%) and uncertain
demand (CV of 49%). The forward arrows between the processes in Figure 3 represent the
flow of data to test interventions (i.e., the flexibility strategy), while the feedback arrows
represent the flow of (simulation or experimentation) the outputs. The outputs were the
average and the standard deviation of the under-/overstaffed nurses per shift. Based on
the simulation outcome, we tried to optimize the care system configuration by adjusting
the skill requirements (i.e., the forward arrow). Eventually, the feedback arrow will help
provide decision makers with the following information:

• Which nurse flexibility strategy is the best for minimizing under-/overstaffing occurrences;
• How to reallocate nurses to a shift at the real-time level;
• Which care system configuration is optimal for the Perinatology Care System.

The details of the interventions and the accompanying variables can be found in
Table 1.

Table 1. Study variables.

Care System Configuration Controllable Variable
(Name of Intervention) Dependent Variable

Current configuration
(6 separate units)

No flexibility intervention R0

Model 1 R1

Model 2
Model 2 modifications in the
size of the float pool to 20%

and 40% of the total nurses in
the system

R2
R2_20%, R2_40%

Model 3 R3
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Table 1. Cont.

Care System Configuration Controllable Variable
(Name of Intervention) Dependent Variable

Configuration 1
(2 departments)

No flexibility intervention R4

Model 1 R5

Model 2 R6

Model 3 R7

Configuration 2
(1 department) No flexibility intervention R8

2.9.2. Data Analysis

To perform the short-term demand predictions (Step 1), we extracted several historical
data (i.e., the year 2017) from the hospital information system. These data include patient
movements between units, patient arrivals, length of stay (LOS), and the required nurse-
to-patient ratio per unit. The prediction model was first developed in the spreadsheet
program Excel (Microsoft Corporation, Redmond, WA, USA), and later on, MATLAB (The
Math Works, Inc., Natick, MA, USA) was used to create the simulation scenarios.

For Step 2, the skill matrix was obtained through interviews with the head nurse of
each department. We also obtained the number of nurses that can work in each unit. We
modeled the skill matrix and the reallocation algorithm (for each flexibility strategy) in
MATLAB. The output was the number of under-/overstaffed nurses per shift and unit.
Furthermore, the output was analyzed in Excel to obtain the average and the standard
deviation of the under-/overstaffed nurses in the care system and the related training costs.

3. Numerical Results
3.1. Data Analysis of the Perinatology Care System Radboudumc

As previously mentioned, there are 70 beds in total, as shown in Table 2 below. A total
of 20% of the beds are beds that require highly specialized neonatology nurses, and 8%
of the beds are beds that require highly specialized obstetric nurses. The rest of the beds
require less specialization.

Table 2. The number of beds in the Perinatology Care System.

Unit N1 N2 N3 O1 O2 O3 Total

#Beds 14 4 11 32 (incl. 7 newborns beds) 3 6 70

% of total 20% 6% 16% 46% 4% 8% 100%

Below, Table 3 presents the size of the Perinatology Care System in terms of the number
of nurses scheduled to work in a shift in each location. Each day, there are 28 nurses who
are scheduled for the day shift, 21 nurses who are scheduled for the evening shift, and
17 nurses who are for the night shift. In total, there are 66 shifts per day. Given the number
of available beds, the nurse-to-patient (NtP) ratio is calculated as provided in Table 4. More
information about the theory and the calculation of the nurse-to-patient (NtP) ratio can
be found in Elkhuizen et al. [45]. As for the current settings, the current nurse-to-patient
(NtP) ratio is based on expert opinions and practical justifications, which have evolved
from the past.
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Table 3. The number of nurses scheduled per day.

Shifts N1 N2 N3 O1 O2 O3 Total

Day 12 2 4 6 1 3 28

Night 8 2 2 5 1 3 21

Evening 7 2 2 2 1 3 17

Total 27 6 8 13 3 9 66

Table 4. The current nurse-to-patient ratio.

Shifts N1 N2 N3 O1 O2 O3

Day 1:1 1:2 1:3 1:5 1:3 1:2

Evening 1:2 1:2 1:6 1:6 1:3 1:2

Night 1:2 1:2 1:6 1:16 1:3 1:2

The number of nurses registered in each unit is provided in Table 5.

Table 5. Number of available nurses in each unit.

Unit Number of Nurses

N1 59

N2 40

N3 14

Total for the Neonatology Department 113

O1, O2, and O3 53

O1 and O2 5

O1 5

Total for the Obstetrics Department 63

Total for the Perinatology Care System 176

3.2. Reallocation Process at the Real-Time Level
3.2.1. Step 1. Coherence-Based Demand

The objective of Step 1 is to predict the need for an additional nurse during the
upcoming shifts (i.e., 8 h) based on the interdependency between units. First, the transition
matrix for each patient group is provided below. Given our analysis performed on the data
extracted from the hospital information system, the P-matrix is the probability of patients
moving from unit i to unit j during the next shift. For example, as shown in Figure 4a, there
is a 4% chance of a newborn moving from unit O1 to N1 during the next shift. There is
also a 4% chance they will move to N3, a 16% chance they will leave the system, and a 77%
chance they will remain in O1. For the patient group comprising adults, the probability of
patients moving from unit i to unit j during the upcoming shift(s) can be found in Figure 4b.

Using Ci as the number of current patients in each unit i at the start of the day shift
(n = 0), which can be counted manually or acquired from the hospital information system,
the transition matrix is used to calculate the total demand for nurses in unit i and in other
units. Doing so takes the interdependency between units into account when predicting the
demand for nurses.
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Figure 4. One-step transition matrix for Patient Group 1 (a) and Patient Group 2 (b).

Next, we provide an example of how to quantify the need for an extra nurse. As
shown below in Figure 5, based on the transition matrix and the number of current patients
in each unit during the day shift, unit O1 needs seven nurses for the evening shift. Since
there are only five scheduled (and available) nurses for the evening shifts, the final output
for Step 1 is that unit O1 will need two extra nurses for the evening shifts and unit N3 will
need one extra nurse for the evening shift.

Figure 5. Example of predicting the need for extra nurses.

3.2.2. Step 2. Nurse Reallocation Policies

In this section, we present the results for Reallocation Models 1, 2, and 3 for under-/
overstaffing occurrences, as provided in Figure 1.

Based on the interviews with the head nurses in both departments, we created the
skill matrix shown in Table 6. For example, the most highly specialized nurses in the
Neonatology Department are those working in N1. This means they can help out in N2
and N3 when needed because N2 requires less specialization than N1, and N3 requires the
lowest level of specialization.

Table 6. Nurse matrix for Model 1 for the Perinatology Care System.

From/To N1 N2 N3 O1 Newborns O1 Adults O2 O3

N1 1 1 1 0 0 0 0

N2 0 1 1 0 0 0 0

N3 0 0 1 1 0 0 0

O1 Newborns 0 0 1 1 1 0 0

O1 Adults 0 0 0 1 1 0 0

O2 0 0 0 1 1 1 0

O3 0 0 0 1 1 1 1

In the Obstetrics Department, O3 requires the highest level of nurse specialization,
followed by O2, and finally, O1. In this case, the O3 nurses can help out in O2 and O1 when
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needed, but not the other way around. Furthermore, the nurses from N3 in the Neonatology
Department can care for newborns in O1 in the Obstetrics Department. Nurses specialized
in newborns in O1 in the Obstetrics Department can also help out in N3 in the Neonatology
Department. We simulated Model 1 with the matrix shown in Table 6.

For Model 2 (i.e., R2), the size of the pool was calculated based on the prediction of
the reallocation rate between nurses, as shown in Formula 3. We simulated Model 2 with
the matrix presented in Table 7.

Table 7. Nurse matrix for Models 2 and 3 for the Perinatology Care System.

From/To N1 N2 N3 O1 Newborns O1 Adults O2 O3

N1 1 1 1 0 0 0 0

N2 0 1 1 0 0 0 0

N3 0 0 1 1 0 0 0

O1 Newborns 0 0 1 1 1 0 0

O1 Adults 0 0 0 1 1 0 0

O2 0 0 0 1 1 1 0

O3 0 0 0 1 1 1 1

Float Pool 1 1 1 1 1 1 1

The best flexibility strategy is the one that can minimize under-/overstaffing oc-
currences the most. This is because understaffing can lead to refusals and delays, and
overstaffing is a sign of cost inefficiency. As seen in Table 8, the average under-/overstaffing
was generally the highest when there was no intervention (R0) in both demand conditions
(e.g., CI = 31% and CI = 49%). For both demand conditions, when comparing the perfor-
mance of the three models in the current care system configuration, it was determined that
the ones that performed the best were Model 1 (R1) and Model 3 (R3) (i.e., both models ob-
tained identical results). While Model 1 reallocates nurses based on skill requirements alone
(i.e., highly specialized nurses can work in units requiring less specialized skills), Model 3
combines a centralized pool of float nurses, and reallocation is based on skill requirements.

Table 8. Results of simulation with the current care system configurations using the actual demand
and variable demand.

Configuration Response

Actual Demand (CI = 31%) Variable Demand (CI = 49%)

Average
Understaffed

(±SD)

Average
Overstaffed

(±SD)

Average
Understaffed

(±SD)

Average
Overstaffed

(±SD)

Current
Configuration

R0 No flex −1.6 (0.7) 4.5 (1.9) −2.4 (1.1) 5.7 (2.4)

R1 Model 1 −0.3 (0.6) 2.8 (2.1) −0.5 (0.9) 3.5 (2.6)

R2 Model 2 −1.2 (1.1) 3.7 (1.8) −1.6 (1.4) 4.5 (2.4)

R3 Model 3 −0.3 (0.6) 2.8 (2.1) −0.5 (0.9) 3.5 (2.6)

Zooming in on the implementation of Model 2, the size of the float pool for R2 was 7%.
In general, implementing Model 2 resulted in fewer under-/overstaffed nurses compared
to no intervention at all. However, fewer improvements were gained than in Model 1.
These results apply to all demand conditions.

We then experimented with Model 2 for various float pool sizes (i.e., 20 and 40% of
the total nurses in the system) and measured the effect towards the average number of
under-/overstaffed nurses per shift. For both demand conditions, as the size of the float
pool increased, the average number of under-/overstaffed nurses per shift shrank. As
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shown in Figure 6, when considering the actual demand condition, incrementing the size
to 20% could minimize the average number of under-/overstaffed nurses per shift to an
average of two fewer overstaffed nurses and two fewer understaffed nurses compared to
R0 (i.e., no flexibility).

Figure 6. Results of the R2 modifications. The X-axis is the number of nurses, and the Y-axis is the
different scenarios, including R0, R2, R2 with a 20% float pool, and R2 with a 40% float pool. The blue
line represents the actual demand condition (CI:31%), while the red line represents highly variable
demand (CI = 49%).

3.3. The Optimal Care System Configuration

As stated earlier, we experimented with different care system configurations. In
Configuration 1, as depicted in Figure 2b, the units in each department were pooled to
form a larger pool of resources. In Configuration 2, as shown in Figure 2c, all of the nurses
in the Perinatology Care System can care for mothers and newborns.

In this section, we present the results of each configuration. We rounded each of
the understaffed/overstaffed results. Rounding is carried out to obtain a value that is
meaningful and relevant for practical purposes. We rounded our results to the nearest
whole number. This means that for the average amount of understaffing per shift, any
value between −0.5 and 0 has been rounded to 0, and any value between −0.5 and −1 has
been rounded to −1.

The rounding value is particularly significant when dealing with understaffing require-
ments in practice. For example, in practice, the value of a 0.5 shift is equal to 4 care hours.
When a department is understaffed by 2 or 3 care hours, the department’s patient care
process will not be disrupted. These few hours can be dealt with informally, for example,
by assigning a nurse who is currently working in non-patient care or on a study day to care
for patients. However, if the understaffed value is more than 4 hours (i.e., half a shift), it is
difficult for the department to deal with it in this way. In such cases, the department might
need to make a formal request for a minimum of one extra shift (i.e., 8 care hours). The new
results based on the rounding are presented in Table 9.
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Table 9. Results for different configurations.

Configuration Response
Average

Understaffed
(Rounded)

Average
Overstaffed
(Rounded)

Cost of Training

Current Configuration (a)

R0 No flex −2.0 5.0 EUR 0

R1 Model 1 0.0 3.0 EUR 0

R2 Model 2 −1.0 4.0 EUR 240,000

R2_20% 0.0 3.0 EUR 700,000

R2_40% 0.0 3.0 EUR 1,400,000

R3 Model 3 0.0 3.0 EUR 240,000

R0 No flex_Variable demand −2.0 6.0 EUR 0

R1 Model 1_Variable demand −1.0 4.0 EUR 0

R2 Model 2_Variable demand −2.0 5.0 EUR 240,000

R2_20%_Variable demand −1.0 4.0 EUR 700,000

R2_40%_Variable demand 0.0 4.0 EUR 1,400,000

R3 Model 3_Variable demand −1.0 4.0 EUR 240,000

Configuration 1 (b)

R4 No flex 0.0 3.0 EUR 1,280,000

R5 Model 1 0.0 3.0 EUR 1,280,000

R6 Model 2 0.0 3.0 EUR 1,280,000

R7 Model 3 0.0 3.0 EUR 1,280,000

Configuration 2 (c) R8 No flex 0.0 3.0 EUR 3,520,000

In terms of the training costs, implementing Model 1 involves no training costs for the
current care configuration. For Model 2, 7% (based on the flex rate %) of the total number
of nurses in the care system (176 nurses, as shown in Table 5) require training, which is a
total of 12 nurses. If we define the cost of the training (Er) as EUR 20,000/nurse, Model 2
would cost EUR 240,000 to implement. As we increased the flex rate % to 20% and 40%, the
cost increased to EUR 700,000 and EUR 1,400,000, respectively, as shown in Table 9.

In Configuration 1, all of the nurses in the Neonatology Department can care for
patients in N1, N2, and N3. Similarly, all of the nurses in the Obstetrics Department can
care for patients in O1, O2, and O3. The exception to this is that the nurses from N3 can
also care for patients in unit O1 (newborns) in the Obstetrics Department. Likewise, the
nurses from O1 can care for patients in N3 in the Neonatology Department. The updated
skill matrix can be found in Appendix A.1, Table A1.

With Configuration 1, without any flexibility strategy (R4), the average number of
under-/overstaffed nurses per shift is already minimized to an average of two fewer
understaffed nurses and two fewer overstaffed nurses compared to R0. Experimenting
with flexibility strategies R5, R6, and R7, the results are identical to those obtained for R4.

In terms of the training costs, to implement Configuration 1, the nurses from unit
N2 (40 nurses) and N3 (14 nurses) need to be trained to care for all of the patients in the
Neonatology Department. For the Obstetrics Department, most of the nurses are already
trained to care for all of the patients in the Obstetrics Department. In our case study, only
10 nurses need training. Finally, Configuration 1 would cost EUR 1,280,000 (for a total of
64 nurses) to implement.

For Configuration 2, the updated skill matrix can be found in Appendix A.1, Table A2.
For the results, the average number of under-/overstaffed nurses per shift was also identical
to R4. In terms of the training costs, all of the nurses in the Neonatology Department
should be trained to work in the Obstetrics Department and vice versa. In our case study,
Configuration 2 would cost EUR 3,520,000 to implement.
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3.3.1. What Is the Optimal Care System Configuration?

As stated earlier, the optimal care system configuration is based not only on the best
nurse flexibility strategy and the training costs for adopting the strategy but also on the
minimum regret. As explained earlier, when a decision is made using the information that
is currently available, it still might be wrong due to the uncertainty of several variables.
The “regret” is quantified as the difference between the values of expected understaffing
using the chosen strategy and the best outcomes produced by other strategies. In this study,
we experimented with different demand conditions and evaluated the robustness of our
chosen care system configuration. Responses from the three care system configurations are
shown in Table 9.

Without implementing any of the nurse flexibility strategies mentioned in this study,
the best configurations for minimizing under-/overstaffing occurrences were designing
the Perinatology Care System as two large departments (i.e., Configuration 1 or R4) or
one large department (i.e., Configuration 2 or R8). Otherwise, the current care system
configuration achieves results similar to R4 and R8 with the nurse flexibility strategies
presented in Models 1 and 3.

When analyzing the decision regret, when Model 1 or Model 3 were chosen as the
strategies for the current demand condition (CI = 31%), our simulation showed that Models
1 and 3 were still the best strategies, even when we experimented with the system with the
variable demand condition (CI = 49%).

In terms of the training costs for adopting the best strategy for minimizing under-/
overstaffing occurrences, there are no training costs involved in implementing the flex-
ibility seen in Model 1 (R1) with the current care system configuration. This is because
in Model 1, the skills of the nurses in the highly specialized units allow them to work in
units requiring less specialized skills. No additional training is needed for this. Without
explicitly addressing the flexibility strategy provided in Figure 1, the care system should be
configured as two large departments or one large department. The training costs would be
EUR 1,280,000 and EUR 3,520,000, respectively.

3.3.2. Reflection on the Size of Minimum Flexibility at the Current Perinatology
Care System

Below, Table 7 presents the size of the Perinatology Care System in terms of the number
of nurses scheduled to work during a shift at each location. Each day, there are 28 nurses
who are scheduled for the day shift, 21 nurses who are scheduled for the evening shift, and
17 nurses who are scheduled for the night shift. In total, there are 66 shifts per day.

As indicated earlier, there are 66 shifts per day in total (see Table 3). Some of these
nurses were pooled or reallocated to a new location to meet the variable demand. As shown
in Figure 6 and Table 9, we showed that flexibility has a limit. Exercising flexibility (i.e.,
pooling nurses) below a certain limit will not substantially improve the performance of the
system (i.e., R2). On the other hand, exercising flexibility above this limit is not efficient
because it will not further improve the performance (i.e., R2_20%). For the actual demand
in the studied setting (CI = 31%), the ideal limit is between 7% (i.e., the R2 flexibility rate)
and 20% (i.e., the R2_20% flexibility rate).

• Size of Flexible Nurses in the Perinatology Care System

Specifically, as shown in Table 10, we present the empirical flexibility rate based on
the ratio between the number of nurses reallocated to a new location during a shift and the
total number of nurses scheduled to work during a shift. For the current setting, having
a flexible rate of 13% is sufficient, as it covers 95% of the cases where there are two fewer
overstaffed nurses and two fewer understaffed nurses compared to R0 (i.e., no flexibility).
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Table 10. The empirical results of flexibility rate from simulating Model 1.

Actual Demand (CI = 31%)

Flexibility Rate % Frequency Cumulative %

0 3 0.82%

2 8 3.01%

4 20 8.49%

5 96 34.79%

7 71 54.25%

9 114 85.48%

11 26 92.60%

13 12 95.89%

15 7 97.81%

16 5 99.18%

18 3 100.00%

More 0 100.00%

When using a 13% flexibility rate, the studied care system needs four flexible nurses
for the day shifts, three flexible nurses for the evening shifts, and two flexible nurses
for the night shifts. The next question would be: “How do we assign nurses to these
flexible shifts?”

One way to assign nurses to flexible shifts is by looking at the proportion of beds
in a specific unit relative to the total number of beds in the care system. In other words,
wards with more beds relative to the total number of beds in the system must assign more
nurses to flexible shifts. Rationing the percentage provided in Table 2 with the required
number of flexible shifts, we acquired the following configuration for flexible nurses (see
Figure 7). In this example, because O1 has the biggest proportion of beds in the system, the
unit contributed the most flexible nurses.

• Size of Flexible Beds in the Perinatology Care System

Figure 7. The configuration for flexible nurses.

Based on the configuration of the skill mix for Model 1 (see Table 6), nurses can be
reallocated to the other units. For example, N1 nurses can be assigned to the N2 and
N3 units, and the N3 nurses can be assigned to the O1 units. This is determined by the
assumption that the targeted units have beds available for patient admission. If all of the
beds in the targeted units are fully occupied, in principle, patients can also be admitted to
units with lower bed utilization as long as the skill matrix is met. Beds that can be used for
these situations are further referred to as flexible beds.
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Based on the current nurse-to-patient ratio (see Table 4), the number of flexible beds in
the Perinatology Care System is presented in Figure 8. In total, 14 flexible beds are needed
for the day shifts, 14 flexible beds are needed for the evening shifts, and 22 flexible beds are
needed for the night shifts. In the example using the current system, the beds in N3 can be
used by newborns from O1 when needed and vice versa. Since nurses from N1 can care
for patients in N2 and N3, patients in N2 or N3 can also be admitted to N1. However, this
situation is less desirable because care delivery in N1 is more expensive than it is in N2
and N3.

Figure 8. The configuration of flexible beds.

4. Discussion

To deal with increasing (variable) demand and a limited supply of nurses, hospitals
must use the current volume of nurses more efficiently and effectively. In this article, we
provide insight into how nurses can be assigned to units in a perinatology care system to
balance patient demand with the available nurses.

4.1. Which Nurse Flexibility Strategy Is Best?

Managing demand variability means that the variability will be buffered by capacity,
time, or quality (or a combination of these) [5]. For example, a care system needs to design
extra capacity (i.e., the capacity buffer) into the system when dealing with random patient
demand (i.e., arrivals as well as acuity). Alternatively, they must accept the fact that patients
will experience delays (i.e., the time buffer) in terms of entering the system or accept the
risk of delivering poor-quality care (i.e., the quality buffer). Hopp and Lovejoy [5] argue
that the size of the required buffer can be reduced by exploiting flexibility. As shown in
several studies [18–20,46], when resources (such as nurses) are flexible, this can help to meet
variable demand because it enables resources to flow where they are needed. Our findings
align with the previous literature, which suggests the advantages of a nurse flexibility
strategy when dealing with variable demand [12,18,39]. We showed that the number
of under-/overstaffed nurses per shift decreased when any of the flexibility strategies
investigated in this study were implemented.

Our findings also showed that the best policy is the one modeled by Model 1 (i.e.,
based solely on skill requirements, in which nurses from highly complex units can work in
less complex units). Although the results from Model 3 (i.e., Model 1 with an additional
centralized float pool) were identical to those of Model 1 in terms of the average number of
under-/overstaffing occurrences per shift, our findings showed that an optimal condition
had already been achieved by implementing Model 1. Complementing this model with
a float pool strategy did not improve the system further. Even when we experimented
with variable demand conditions, Model 1 remained the best strategy. Surprisingly, the
results of the strategy modeled by Model 2 (i.e., with a centralized float pool) provided the
lowest number of improvements compared to the other two strategies (those modeled by
Models 1 and 3).
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Why was Model 1 the best? Our findings suggest that flexibility has a limit. Pooling
nurses below a certain limit might not improve the performance of the system, while
pooling above this limit is not efficient. The float pool strategy (Model 2) can only succeed
if the size of the capacity buffer is large enough to absorb the variable demand. This
is because, during the actual working shift, the float pool size is fixed and cannot be
increased or decreased when the level of short-term demand is different than what was
predicted. Consequently, the float pool policy is highly dependent on the accuracy of the
demand prediction.

On the other hand, Model 1 showed that the needed flexibility level varies between
7% to 20%, depending on the variable demand at the real-time level. This means that the
number of these nurses can be increased or decreased (i.e., volume flexibility) depending
on the demand status in the short term. For our Perinatology Care System, the number
of scheduled nurses who work in highly specialized units is large enough to absorb the
variable demand at the real-time level. Specifically, the volume of the capacity buffer
embedded in Model 1 was larger than the number of dedicated nurses in the float pool
(Model 2). For Model 2, the initial float pool size (i.e., the capacity buffer) was based
on the prediction of the reallocation rate at the strategic level (i.e., a planning horizon of
12 months).

Consequently, our findings might be different if the care system only has highly (or
less) specialized units with various specializations. In such a system, the capacity buffer
should be created in another way. For example, another way to create the capacity buffer
is to link units with similar skill requirements, such as nurses who work in a day surgery
ward and nurses who work in a general surgery ward. Additionally, as suggested by Inman
et al. [12], hospitals can link units by location proximity. Eventually, the criteria for enlarging
the capacity buffer and, thus, enlarging the chain (i.e., which nurses/units are paired up
with which nurses/units) depends on the practical considerations of the hospitals.

4.2. How Can Nurses Be Reallocated to a Shift to Minimize Under-/Overstaffing?

There are two steps to developing a reallocation process at the real-time level. First, a
prediction process should be initiated to determine the short-term demand (such as during
the next shifts, as shown in this study). By doing this, it will become apparent whether an
extra nurse is needed in a specific unit. Based on the skill matrix (which is based on the
chosen flexibility strategy at the strategic level or the care system configuration), decisions
should be made to reallocate nurses to the unit where they are needed. The decision to
reallocate nurses should be made centrally by a central planner and governed by central
rules (e.g., the reallocation algorithm in Appendix A.2). The nurses can then be reallocated
simultaneously by taking the statuses of all of the units in the care system into account [18].
By doing this, the planner will know which nurses will be working in which unit (or local
system) in the care system.

4.3. Which Care System Configuration Is Optimal for the Perinatology Care System?

There is a connection between the decisions made at the strategic level (i.e., the care
system configuration and the flexibility strategy) and how these set the boundaries at
the real-time level in hospital settings. The combination of the care system configuration
and the chosen flexibility strategy will result in the nurses’ skill matrix in each unit or
department. It consequently dictates whether a nurse can be reallocated to other units at
the real-time level. In our case study, care is delivered in six independent units. Because of
this configuration, the skill requirements are different for each of the six units. To minimize
the average number of under-/overstaffed nurses at the real-time level, the care system
can opt for the flexibility strategy modeled by Model 1. Even when we experimented
with variable demand, Model 1 was still the best, showing us that the strategy was robust
against variable demand.

When perinatology care is organized into two large departments and skill require-
ments are tailored to these two departments (i.e., Configuration 1), this minimizes the
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average number of under-/overstaffed nurses at the real-time level without having to
implement any flexibility strategy. Similarly, when the care is organized into one large
department (i.e., Configuration 2), this also minimizes the average number of under-/
overstaffed nurses per shift. However, one large department implies that all nurses are
qualified to work throughout the department. To make this possible in the current situation,
the hospital education department would have to provide extensive training for these
nurses (e.g., 12 months for nurses in the Perinatology Care System), and there would be
training costs involved.

An examination of the training costs for Model 1, the current care system configuration
(R1), Configuration 1 (R4), and Configuration 2 (R8) shows that R1 involves the lowest
training costs. We can regard R1 as a quick-win policy because the care system can
implement this configuration immediately as long as the nurses are willing to be reallocated
to other units when necessary.

4.4. What Are the Critical Success Factors for Applying the Proposed Method?

There are several practical factors to consider for the successful application of the
proposed method. For example, we argue that the decision to reallocate nurses can be
made centrally by a central planner and governed by central rules. This is aligned with a
recent study by van der Ham et al. [47] in which they presented a social network analysis
of hospitals making operational decisions (including the scheduling and rescheduling of
resources). As can be observed in their study, decisional support by producing data and
information for operational decision making seems to work best when provided to the
operational decision makers compared to when it is provided to (tactical and strategic)
manager(s). In our studied hospital, operational decision makers are the care professionals
themselves and the operations staff, such as the planner and the head of nurses. Van
der Ham et al. [47] argue that there is not much value in transferring these decisions to
(tactical and strategic) managers, as they are often far from the focal point around which the
decision making is taking place. On this note, the role of a central planner in a hospital will
only become more important in minimizing supply–demand mismatches at the real-time
operational level. Yet, it is also remarkable that very limited studies can be found on
planners’ roles and qualifications for hospital capacity management.

There is funding associated with cross-training nurses. As discussed in van Merode
et al. [40], care processes in hospitals vary in their uncertainty and stochastic characteristics.
How much extra funding has to be found in order to implement cross-training will conse-
quently depend on the type of care process. Our study found that if the patient demand
for certain processes can be forecasted easily (i.e., given the lower coefficient of variation
in this demand), fewer flexible nurses might be needed, and hence, fewer cross-training
sessions would be required. Furthermore, if cross-trained nurses were paid a higher salary,
cross-training costs would need to be weighed against the possibility and need to forecast
demand for care processes.

Finally, our proposed method is designed for specific settings of the Perinatology
Care System in Radboudumc. Our method would be applicable to other care systems
with pre- and post-care bed units and various levels of care units (e.g., the cardiology care
system with a first cardiac aid (FCA) unit (where emergency cardiac patients enter the
hospital), the coronary care unit (CCU), and the cardiology inpatient unit (CIU)). However,
variation would be needed when implementing it. In fact, the distinction between the
approach as studied here and its implementation might not always be straightforward.
As discussed in Vos et al. [48], with regard to how it is possible to standardize quality
improvement methods and implement them in different departments, the distinction
between design and implementation is fuzzy. Neglecting this might lead to failure. One
of the essential elements for a successful implementation design is adequate information
and communication technology (ICT) support [48]. Since our proposed method requires
several data to work with, the role of decision support systems (DSS) as the ICT for nurse
planning and control at the real-time planning level is only becoming more important.



Healthcare 2022, 10, 925 21 of 26

5. Conclusions
5.1. Practical Implications

This article has shown how strategic decisions about the care system configuration
can dictate how hospitals can meet the (variable) demand with a limited number of nurses.
We have shown that if a care system is configured with several independent units, imple-
menting a nurse flexibility strategy can help hospitals meet the (variable) demand with
the current number of nurses. The best strategy was the reciprocal cross-pairing strat-
egy, whereby units pair up and each unit cross-trains one nurse to serve in the paired
unit. We showed an example of how highly specialized nurses can be paired up with
units requiring lower care specialization (i.e., Model 1). Our simulation showed that this
strategy performed better than the use of a centralized float pool. In alignment with
what Jordan et al. [46] and Inman et al. [12] suggested, hospitals should always attempt
to cross-pair as many units together as possible. Of course, it is important that practical
considerations are also kept in mind. It is also important to encourage nurses to work in
other units. As discussed by several researchers [49,50], nurses who regularly work in
another unit may find it difficult to adjust to a new surroundings, new schedules, and new
coworkers. To overcome these challenges, the head nurse can assign reallocations based on
informed decisions about a nurse’s ability to help patients from the perspective of the care
system. Informed decisions can be based on the expected demand, which is shared for all
units in the care system. Such information may increase the sense of belonging of nurses in
the two dedicated local systems of the care system.

Finally, our study contributes more insights to capacity management research in
perinatology care systems. In our study, we provide examples where care delivery for
mothers and newborns is modeled as a complete care system and how to deal with nurse
shortages. With caution, the needed level of nurse flexibility in this study can be generalized
by other perinatology care systems that also have similar characteristics to our settings,
such as the ratio between the number of highly specialized beds and the normal beds, the
skill mix characteristics between the units, and the demand characteristics of each unit.

5.2. Limitations and Future Research

The current study is not without limitations. First of all, as we mentioned earlier,
we observed that when the Neonatology Department is fully occupied, the Obstetrics
Department refuses expectant mothers. Mismatches between the resources and the patient
demand that occurred in this study were potentially solved by adjusting the capacity of the
system. However, we also observed that the Neonatology Department was sometimes fully
occupied with babies waiting to be discharged from the unit (i.e., N1) instead of due to a
lack of neonatology nurses. This indicates that the Perinatology Care System is also dealing
with a lack of patient flow management, which involves organizing patient movements in
a system instead of capacity management. One way to address patient flow management is
to implement a discharge planning system, which ensures that patients who are medically
ready to be discharged or transferred to other units (or hospitals) can be discharged on
time [11]. Future research about this topic with regard to the Perinatology Care System is
necessary.

Secondly, we started the prediction process during the day shift to predict the demand
for care during the next shift (e.g., the next 8 h). Nurses are reallocated for the next shift.
This means there is a response time of one shift, and this response time is needed to
alleviate capacity problems. As this prediction process would also fit into a learning system,
managers could identify the essential constraints and how to deal with them. The response
time needed to alleviate capacity problems would then be expected to be shorter. Instead
of performing the predictions for the next shift, managers could perform the prediction
several hours ahead of every actual shift. In this way, resource planning would be based on
actual (close to real-time) demand and could, therefore, potentially minimize occurrences
of under-/overstaffing.
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In addition, we simulated three flexibility models to evaluate which model has the
best results in terms of minimizing under-/overstaffing occurrences. In practice, the results
may be influenced by many other variables, such as nurse absenteeism and its effect on
the primary roster. One way to incorporate nurse absenteeism is to update the primary
roster at the start of the prediction process. As for other variables, future investigations
are recommended. Nevertheless, while recognizing this limitation, we believe that our
simulation models still point in the right direction in terms of results and will thus enable
better-informed decisions about the effective use of nurses in hospitals.

Finally, in this study, our models provided the results as a real number. While looking
for the optimal configuration, we rounded the number for practical purposes. Our approach
differs from a mathematical optimization model, in which the feasible solution is based on
the minimum (or maximum) value of all other feasible solutions without rounding. Thus,
the optimal results determined using our approach might differ from the optimal results
obtained when using one based on an optimization model, such as an integer programming
model. However, in practice, our results provide more meaningful information for decision
makers, particularly when dealing with understaffing requirements.
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Appendix A

Appendix A.1 The Updated Skill Matrix

Table A1. Skill matrix for Model 1 for the Perinatology Care System, Configuration 1.

From/To N1 N2 N3 O1 Newborns O1 Adults O2 O3

N1 1 1 1 0 0 0 0

N2 1 1 1 0 0 0 0

N3 1 1 1 1 0 0 0

O1 Newborns 0 0 1 1 1 1 1

O1 Adults 0 0 0 1 1 1 1

O2 0 0 0 1 1 1 1

O3 0 0 0 1 1 1 1

Table A2. Skill matrix for Models 2 and 3 for the Perinatology Care System, Configuration 1.

From/To N1 N2 N3 O1 Newborns O1 Adults O2 O3

N1 1 1 1 0 0 0 0

N2 1 1 1 0 0 0 0

N3 1 1 1 0 0 0 0

O1 Newborns 0 0 0 1 1 1 1
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Table A2. Cont.

From/To N1 N2 N3 O1 Newborns O1 Adults O2 O3

O1 Adults 0 0 0 1 1 1 1

O2 0 0 0 1 1 1 1

O3 0 0 0 1 1 1 1

Float Pool 1 1 1 1 1 1 1

Appendix A.2 The Reallocation Algorithm Based on the Chosen Flexibility Strategy

Notation:
n = Shi f ts = {day, evening, night} = {1, 2, 3} ;

A = Location in Local system 1 = {N1, N2, N3, O1S1};

B = Location in Local system 2 {O1S2, O2, O3};

i = All units location = A ∪ B = {N1, N2, N3, O1S1, O1S2, O2, O3}.

Let j be a location, then:

Zji = skill matrix =

{
1, i f nurses in location j can be reallocated to location i

0, otherwise

ani = the number o f available nurses f or shi f t n, location i ;

dni = the number o f required nurses f or shi f t n, location i;

eni = the excess nurses f or shi f t n, location i;

eni = ani − dni ∀n, i;

eni =


< 0, i f location i is short o f a nurse f or shi f t n
= 0, i f location i has enough nurses f or shi f t n

> 0, i f location i has more than enough nurses f or shi f t n
;

Nn
ji = the number o f nurses to be reallocated f rom location j to location i in shi f t n;

Mn = the total number o f reallocated nurses in shi f t n.

Mn = ∑j ∑i Nn
ji ∀n

• Model 1: Prioritization-Based Nurse Reallocation

Step 1: Let n be a shift. For each location i, calculate the excess nurses, eni.
Let

En = {enO1S1, enN3, enN2, enN1, enO1S2, enO2, enO3}

Step 2: According to the following order, a = {O1S1, N3, N2, N1 } and b =
{O1S2, O2, O3}, fulfill the nurse requirements. Suppose i is a location in one of the
local systems. Find the first location j in E with enj > 0 and j 6= i.

Condition 2a: First, calculate the number of nurses to be reallocated to location i within
the same local system.

Nn
ji = min

(
−eni, enj

)
× Zji

where eni < 0 and enj > 0, and i and j are in the same local system
Condition 2b: If there are no nurses to be reallocated to location i within the same local

system, then look in another local system.

Nn
ji = min

(
−eni, enj

)
× Zji

where eni < 0 and enj > 0, and i and j are in the different local system
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Condition 2c:
Nn

ji = 0

If
eni ≥ 0, all other enj ≤ 0 ∀j 6= i

Step 3: Update the excess nurses, eni, and the nurse schedule, ani, accordingly.

eni = eni + Nn
ji

ani = ani + Nn
ji

enj = enj − Nn
ji

anj = anj − Nn
ji

If eni < 0, repeat Step 2 to fulfill the requirements from the next location j; otherwise,
go to Step 4.

Step 4: When all of the locations in shift n have been checked and the necessary
reallocations have been made, repeat Steps 1 to 4 with n = n + 1.

• Model 2: Cross-Trained Float Nurses

Step 1: Let n be a shift; for each location i, calculate the number of nurses to be
reallocated during a particular shift n to a particular location i

(
Nn

i
)
.

Nn
i =

{
0, i f eni > 0 or fn = 0

min( fn, eni), i f eni < 0 and fn > 0

Step 2: Update the number of excess nurses (eni) for every shift n and location i.

eni = eni + Nn
i

Step 3: Update the number of flexible nurses in the float pool ( fn).

fn = fn − Nn
i

Step 4: Update the nurse schedule (a f
ni), given the updated number of nurses in the

float pool ( fn).
a f

ni = a f
ni + Nn

i

Step 5: Repeat Steps 1 to 4 with n = n + 1.

• Model 3: Cross-Trained Float Nurses and Nurse Reallocation with Priority

Step 1: Let n be a shift for each location i and calculate the excess nurses, eni.
Let

En = {enO1S1, enN3, enN2, enN1, enO1S2, enO2, enO3}a = 1,

Step 2: Let Nn
i be the number of nurses reallocated to location i during shift n.

Condition 2a: First, check the flexible nurses.

Nn
i = min(−eni, fn) i f fn > 0

where eni < 0, in other words, location i is short of nurses.
Condition 2b: If fn = 0, then look for nurses within the same local system.
Suppose i is a location in one of the local systems, and j 6= i is the first location with

enj > 0 in En, then nurses can only be found if j and i are either both in a or both in b.

Nn
i = min

(
−eni, enj

)
× Zji i f fn = 0, eni < 0, enj > 0
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Condition 2c: If fn = 0 and if there are no nurses to be reallocated to location i within
the same local system, then look in another local system.

Thus, the conditions i ∧ j ∈ a and i ∧ j ∈ b are relaxed, and j 6= i is the first location in
En for which enj > 0.

Nn
i = min

(
−eni, enj

)
× Zji i f fn = 0, eni < 0, enj > 0

Step 3: Update the excess nurses, eni, and the nurse schedule, a f
ni, accordingly.

eni = eni + Nn
i

a f
ni = a f

ni + Nn
i

enj = enj − Nn
i

a f
nj = a f

nj + Nn
i

If eni < 0, repeat Step 2; otherwise, go to Step 4.
Step 4: When all of the locations in shift n have been checked and the necessary

reallocations have been made, repeat Steps 1 to 4 with n = n + 1.

References
1. Dall, T.M.; Gallo, P.D.; Chakrabarti, R.; West, T.; Semilla, A.P.; Storm, M.V. An Aging Population and Growing Disease Burden

Will Require A Large And Specialized Health Care Workforce By 2025. Health Aff. 2013, 32, 2013–2020. [CrossRef] [PubMed]
2. Baker, L. Managed Care and Technology Adoption in Health Care: Evidence from Magnetic Resonance Imaging. J. Health Econ.

2000, 20, 395–421. [CrossRef]
3. Buchan, J.; Aiken, L. Solving nursing shortages: A common priority. J. Clin. Nurs. 2008, 17, 3262–3268. [CrossRef]
4. McClean, S.I.; Millard, P.H. A three compartment model of the patient flows in a geriatric department: A decision support

approach. Health Care Manag. Sci. 1998, 1, 159–163. [CrossRef] [PubMed]
5. Hopp, W.J.; Lovejoy, W.S. Hospital Operations: Principles of High Efficiency Health Care; Pearson Education: London, UK, 2014.
6. Hall, R.; Belson, D.; Murali, P.; Dessouky, M. Modeling patient flows through the healthcare system. In Patient Flow: Reducing

Delay in Healthcare Delivery; Springer: Berlin/Heidelberg, Germany, 2006; pp. 3–42.
7. Driscoll, M.; Tobis, K.; Gurka, D.; Serafin, F.; Carlson, E. Breaking Down the Silos to Decrease Internal Diversions and Patient

Flow Delays. Nurs. Adm. Q. 2015, 39, E1–E8. [CrossRef]
8. Kolker, A. Interdependency of hospital departments and hospital-wide patient flows. In Patient Flow: Reducing Delay in Healthcare

Delivery; Springer: Boston, MA, USA, 2013; pp. 43–63. [CrossRef]
9. Winasti, W.; Elkhuizen, S.; Berrevoets, L.; van Merode, G.; Berden, H. Inpatient flow management: A systematic review. Int. J.

Health Care Qual. Assur. 2018, 31, 718–734. [CrossRef]
10. Khanna, S.; Boyle, J.; Good, N.; Lind, J. Unravelling relationships: Hospital occupancy levels, discharge timing and emergency

department access block. Emerg. Med. Australas. 2012, 24, 510–517. [CrossRef]
11. Resar, R.; Nolan, K.; Kaczynski, D.; Jensen, K. Using Real-Time Demand Capacity Management to Improve Hospitalwide Patient

Flow. Jt. Comm. J. Qual. Patient Saf. 2011, 37, 217–227. [CrossRef]
12. Inman, R.R.; Blumenfeld, D.E.; Ko, A. Cross-Training Hospital Nurses to Reduce Staffing Costs. Health Care Manag. Rev. 2005, 30,

116–125. [CrossRef]
13. Griffin, J.; Xia, S.; Peng, S.; Keskinocak, P. Improving patient flow in an obstetric unit. Health Care Manag. Sci. 2011, 15, 1–14.

[CrossRef]
14. Hans, E.W.; van Houdenhoven, M.; Hulshof, P.J.H. A framework for healthcare planning and control. In Handbook of Healthcare

System Scheduling; Springer: Boston, MA, USA, 2011; pp. 303–320. [CrossRef]
15. Hulshof, P.J.H.; Kortbeek, N.; Boucherie, R.J.; Hans, E.W.; Bakker, P.J.M. Taxonomic classification of planning decisions in health

care: A structured review of the state of the art in OR/OM. Health Sci. 2012, 1, 129–175. [CrossRef]
16. Burke, E.K.; de Causmaecker, P.; Berghe, G.V.; van Landeghem, H. The State of the Art of Nurse Rostering. J. Sched. 2004, 7,

441–499. [CrossRef]
17. Vanberkel, P.T.; Boucherie, R.J.; Hans, E.W.; Hurink, J.L.; Litvak, N. Efficiency evaluation for pooling resources in healthcare. OR

Spectrum 2012, 34, 371–390. [CrossRef]
18. Gnanlet, A.; Giland, W.G. Sequential and simultaneous decision making for optimizing health care resource flexibilities. Decis.

Sci. 2009, 40, 295–326. [CrossRef]
19. Li, L.L.X.; King, B.E. A healthcare staff decision model considering the effects of staff cross-training. Health Care Manag. Sci. 1999,

2, 53–61. [CrossRef] [PubMed]

http://doi.org/10.1377/hlthaff.2013.0714
http://www.ncbi.nlm.nih.gov/pubmed/24191094
http://doi.org/10.1016/S0167-6296(01)00072-8
http://doi.org/10.1111/j.1365-2702.2008.02636.x
http://doi.org/10.1023/A:1019002804381
http://www.ncbi.nlm.nih.gov/pubmed/10916595
http://doi.org/10.1097/NAQ.0000000000000080
http://doi.org/10.1007/978-1-4614-9512-3_2
http://doi.org/10.1108/IJHCQA-03-2017-0054
http://doi.org/10.1111/j.1742-6723.2012.01587.x
http://doi.org/10.1016/S1553-7250(11)37029-8
http://doi.org/10.1097/00004010-200504000-00006
http://doi.org/10.1007/s10729-011-9175-6
http://doi.org/10.1007/978-1-4614-1734-7_12
http://doi.org/10.1057/hs.2012.18
http://doi.org/10.1023/B:JOSH.0000046076.75950.0b
http://doi.org/10.1007/s00291-010-0228-x
http://doi.org/10.1111/j.1540-5915.2009.00231.x
http://doi.org/10.1023/A:1019019308016
http://www.ncbi.nlm.nih.gov/pubmed/10916602


Healthcare 2022, 10, 925 26 of 26

20. Trivedi, V.M.; Warner, D.M. A Branch and Bound Algorithm for Optimum Allocation of Float Nurses. Manag. Sci. 1976, 22,
972–981. [CrossRef]

21. Munavalli, J.R.; Rao, S.V.; Srinivasan, A.; van Merode, G. Integral patient scheduling in outpatient clinics under demand
uncertainty to minimize patient waiting times. Health Inform. J. 2019, 26, 435–448. [CrossRef] [PubMed]

22. Munavalli, J.R.; Rao, S.V.; Srinivasan, A.; Manjunath, U.; van Merode, G.G. A Robust Predictive Resource Planning under Demand
Uncertainty to Improve Waiting Times in Outpatient Clinics. J. Health Manag. 2017, 19, 563–583. [CrossRef]

23. Bard, J.F.; Purnomo, H.W. Short-Term Nurse Scheduling in Response to Daily Fluctuations in Supply and Demand. Health Care
Manag. Sci. 2005, 8, 315–324. [CrossRef]

24. De Bruin, A.M.; van Rossum, A.C.; Visser, M.C.; Koole, G.M. Modeling the emergency cardiac in-patient flow: An application of
queuing theory. Health Care Manag. Sci. 2007, 10, 125–137. [CrossRef]

25. Van Merode, F. Capaciteitsmanagement in relatie tot de besturing en organisatie van zorg. In Capaciteitsplanning in De Zorg;
Springer: Berlin/Heidelberg, Germany, 2021; pp. 3–22. [CrossRef]

26. Cochran, J.K.; Bharti, A. Stochastic bed balancing of an obstetrics hospital. Health Care Manag. Sci. 2006, 9, 31–45. [CrossRef]
[PubMed]

27. Asaduzzaman, M.; Chaussalet, T.; Robertson, N.J. A loss network model with overflow for capacity planning of a neonatal unit.
Ann. Oper. Res. 2009, 178, 67–76. [CrossRef]

28. Bittencourt, O.; Verter, V.; Yalovsky, M. Hospital capacity management based on the queueing theory. Int. J. Product. Perform.
Manag. 2018, 67, 224–238. [CrossRef]

29. Larson, N.; Sendelbach, S.; Missal, B.; Fliss, J.; Gaillard, P. Staffing Patterns of Scheduled Unit Staff Nurses vs. Float Pool Nurses:
A Pilot Study. Medsurg Nurs. 2012, 21, 27–32. [PubMed]

30. Vanberkel, P.T.; Boucherie, R.J.; Hans, E.W.; Hurink, J.L.; van Lent, W.A.M.; van Harten, W.H. Accounting for Inpatient Wards
When Developing Master Surgical Schedules. Anesth. Analg. 2011, 112, 1472–1479. [CrossRef] [PubMed]

31. Griffiths, P.; Saville, C.; Ball, J.; Jones, J.; Pattison, N.; Monks, T. Nursing workload, nurse staffing methodologies and tools:
A systematic scoping review and discussion. Int. J. Nurs. Stud. 2019, 103, 103487. [CrossRef]

32. Wynendaele, H.; Willems, R.; Trybou, J. Systematic review: Association between the patient–nurse ratio and nurse outcomes in
acute care hospitals. J. Nurs. Manag. 2019, 27, 896–917. [CrossRef]

33. Legrain, A.; Bouarab, H.; Lahrichi, N. The Nurse Scheduling Problem in Real-Life. J. Med Syst. 2014, 39, 1–11. [CrossRef]
34. Abdalkareem, Z.A.; Amir, A.; Al-Betar, M.A.; Ekhan, P.; Hammouri, A.I. Healthcare scheduling in optimization context: A review.

Health Technol. 2021, 11, 445–469. [CrossRef]
35. Takagi, H.; Kanai, Y.; Misue, K. Queueing network model for obstetric patient flow in a hospital. Health Care Manag. Sci. 2016, 20,

433–451. [CrossRef]
36. Ferraro, N.M.; Reamer, C.B.; Reynolds, T.A.; Howell, L.J.; Moldenhauer, J.S.; Day, T.E. Capacity Planning for Maternal–Fetal

Medicine Using Discrete Event Simulation. Am. J. Perinatol. 2014, 32, 761–770. [CrossRef] [PubMed]
37. MacLean, L.; Hassmiller, S.; Shaffer, F.; Rohrbaugh, K.; Collier, T.; Fairman, J. Scale, Causes, and Implications of the Primary Care

Nursing Shortage. Annu. Rev. Public Health 2014, 35, 443–457. [CrossRef] [PubMed]
38. Ward, M.J.; Ferrand, Y.B.; Laker, L.F.; Froehle, C.M.; Vogus, T.J.; Dittus, R.S.; Kripalani, S.; Pines, J.M. The Nature and Necessity of

Operational Flexibility in the Emergency Department. Ann. Emerg. Med. 2014, 65, 156–161. [CrossRef] [PubMed]
39. Dziuba-Ellis, J. Float Pools and Resource Teams: A Review of the Literature. J. Nurs. Care Qual. 2006, 21, 352–359. [CrossRef]
40. Van Merode, G.G.; Groothuis, S.; Hasman, A. Enterprise Resource Planning for Hospitals. Int. J. Med. Inform. 2004, 73, 493–501.

[CrossRef]
41. Bhattacharjee, P.; Ray, P.K. Patient flow modelling and performance analysis of healthcare delivery processes in hospitals:

A review and reflections. Comput. Ind. Eng. 2014, 78, 299–312. [CrossRef]
42. Natarajan, G. Analysis of Queues: Methods and Applications; CRC Press Taylor & Francis Group: Abingdon, UK, 2012.
43. Bell, D.E. Regret in Decision Making under Uncertainty. Oper. Res. 1982, 30, 961–981. [CrossRef]
44. Van Merode, G.; Hasman, A.; Derks, J.; Goldschmidt, H.; Schoenmaker, B.; Oosten, M. Decision support for clinical laboratory

capacity planning. Int. J. Bio-Med. Comput. 1995, 38, 75–87. [CrossRef]
45. Elkhuizen, S.G.; Bor, G.; Smeenk, M.; Klazinga, N.S.; Bakker, P.J.M. Capacity Management of Nursing Staff as a Vehicle for

Organizational Improvement in an Academic Hospital. BioMed Cent. Health Serv. Res. 2007, 7, 196. [CrossRef]
46. Jordan, W.C.; Inman, R.R.; Blumenfeld, D.E. Chained cross-training of workers for robust performance. IIE Trans. 2004, 36,

953–967. [CrossRef]
47. Van der Ham, A.; van Raak, A.; Ruwaard, D.; van Merode, F. Exploring changes in integration, differentiation, rules, coordination

and performance following the introduction of a hospital planning centre: A case study. J. Health Organ. Manag. 2022, 36, 158–178.
[CrossRef] [PubMed]

48. Vos, L.; la Dückers, M.; Wagner, C.; van Merode, G.G. Applying the quality improvement collaborative method to process
redesign: A multiple case study. Implement. Sci. 2010, 5, 19. [CrossRef]

49. Kidner, M.C. How to keep float nurses from sinking. RN 1999, 62, 35. [PubMed]
50. Larsson, A.; Fredriksson, A. Tactical capacity planning in hospital departments. Int. J. Health Care Qual. Assur. 2019, 26, 2019.

[CrossRef] [PubMed]

http://doi.org/10.1287/mnsc.22.9.972
http://doi.org/10.1177/1460458219832044
http://www.ncbi.nlm.nih.gov/pubmed/30848693
http://doi.org/10.1177/0972063417727627
http://doi.org/10.1007/s10729-005-4141-9
http://doi.org/10.1007/s10729-007-9009-8
http://doi.org/10.1007/978-90-368-2567-2_1
http://doi.org/10.1007/s10729-006-6278-6
http://www.ncbi.nlm.nih.gov/pubmed/16613015
http://doi.org/10.1007/s10479-009-0548-x
http://doi.org/10.1108/IJPPM-12-2015-0193
http://www.ncbi.nlm.nih.gov/pubmed/22479872
http://doi.org/10.1213/ANE.0b013e3182159c2f
http://www.ncbi.nlm.nih.gov/pubmed/21543777
http://doi.org/10.1016/j.ijnurstu.2019.103487
http://doi.org/10.1111/jonm.12764
http://doi.org/10.1007/s10916-014-0160-8
http://doi.org/10.1007/s12553-021-00547-5
http://doi.org/10.1007/s10729-016-9363-5
http://doi.org/10.1055/s-0034-1396074
http://www.ncbi.nlm.nih.gov/pubmed/25519198
http://doi.org/10.1146/annurev-publhealth-032013-182508
http://www.ncbi.nlm.nih.gov/pubmed/24422561
http://doi.org/10.1016/j.annemergmed.2014.08.014
http://www.ncbi.nlm.nih.gov/pubmed/25233811
http://doi.org/10.1097/00001786-200610000-00013
http://doi.org/10.1016/j.ijmedinf.2004.02.007
http://doi.org/10.1016/j.cie.2014.04.016
http://doi.org/10.1287/opre.30.5.961
http://doi.org/10.1016/0020-7101(94)01040-8
http://doi.org/10.1186/1472-6963-7-196
http://doi.org/10.1080/07408170490487713
http://doi.org/10.1108/JHOM-10-2021-0375
http://www.ncbi.nlm.nih.gov/pubmed/35491486
http://doi.org/10.1186/1748-5908-5-19
http://www.ncbi.nlm.nih.gov/pubmed/10542638
http://doi.org/10.1108/IJHCQA-11-2017-0218
http://www.ncbi.nlm.nih.gov/pubmed/30859883

	Background 
	Nurse Capacity Planning and Control in Hospitals 
	The Perinatology Care System at Radboudumc 
	What This Article Contributes 

	Method 
	Defining Flexibility: The Skill Matrix and the Planning Horizon 
	Nurse Flexibility Strategies 
	Model 1: Nurse Flexibility Based on Skill Requirements 
	Model 2: Nurse Flexibility with a Centralized Float Pool 
	Model 3: Combination of Models 1 and 2 
	The Best Flexibility Strategy 
	Reallocation Process at the Real-Time Level 
	The Optimal Care System Configuration 
	Study Design 
	Simulation and Optimization 
	Data Analysis 


	Numerical Results 
	Data Analysis of the Perinatology Care System Radboudumc 
	Reallocation Process at the Real-Time Level 
	Step 1. Coherence-Based Demand 
	Step 2. Nurse Reallocation Policies 

	The Optimal Care System Configuration 
	What Is the Optimal Care System Configuration? 
	Reflection on the Size of Minimum Flexibility at the Current Perinatology Care System 


	Discussion 
	Which Nurse Flexibility Strategy Is Best? 
	How Can Nurses Be Reallocated to a Shift to Minimize Under-/Overstaffing? 
	Which Care System Configuration Is Optimal for the Perinatology Care System? 
	What Are the Critical Success Factors for Applying the Proposed Method? 

	Conclusions 
	Practical Implications 
	Limitations and Future Research 

	Appendix A
	The Updated Skill Matrix 
	The Reallocation Algorithm Based on the Chosen Flexibility Strategy 

	References

