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ABSTRACT OF THE DISSERTATION

MULTIPLE CRITERIA DECISION MODELS FOR NURSE-PATIENT

ASSIGNMENT: BALANCING WORKLOAD AND CONTINUITY OF CARE

Haoqiang Jiang

Florida International University, 2019

Miami. Florida

Professor Debra VanderMeer, Major Professor

 Continuity of care is critical for delivering high-quality care, yet has seldom been 

considered in models supporting nurse-patient assignment decisions within inpatient

units. Research in the nursing literature suggests that assigning nurses to patients they 

have cared for previously can help reduce care-related error rates, and increase patient

satisfaction. However, it is also essential to ensure that patient workloads are allocated to 

nursing staff in a balanced manner to avoid overwork and burnout.

 This study investigates the tradeoffs associated with the assignment of patients to 

nurses in inpatient settings under the dual objective of maximizing continuity of care and 

minimizing workload imbalance. We develop a hybrid method that balances the need for 

fair workload distribution and continuity of care, and demonstrate the extent of the

tradeoff between the level of continuity achieved and the associated cost in workload

balance. To reduce the impact of this tradeoff, we relax the goal of maximizing continuity 

by introducing an acuity threshold. Here, patients with acuity values above the threshold

by
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are targeted for continuity-based assignment, and remaining patients are assigned to 

minimize workload imbalance.  

We evaluate the utility of introducing the threshold under a variety of hospital 

environmental conditions using a simulation model of the inpatient environment. Our 

findings show that it is possible to provide a substantial continuity assignment with a 

marginal impact on workload imbalance under the hybrid policy using the acuity 

threshold. In virtually all cases studied, the results show that it is possible to use the 

acuity threshold and gain the benefits of continuity of care, even under conditions of a 

strong preference for minimizing acuity imbalance. 
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Chapter 1: Dissertation Overview 

With the advent of value-based healthcare, it is important for hospitals to rethink their 

operational systems designing for both efficiency and service. Continuity of care has 

received little attention as an organizing element in hospital inpatient care settings; yet, 

building structures that foster continuity of care is an important element in a patient-

centered culture that aims to achieve higher patient satisfaction. Continuity of care also 

contributes to the satisfaction of clinicians (Bowers et al., 2015), and to patient outcomes 

through consistency of care and reduction of handovers.  

Nurse-patient assignment is an important daily routine in hospitals, as it ensures the 

distribution of patient care workload among available nurses (Liang and Turkcan, 2015). 

Finding an appropriate nurse for patients is a pressing issue for nursing managers, who 

need to reasonably arrange patients for each nurse considering nurse skills, patient care 

needs (Aiken et al., 2014) and workload difference among distinct nurses (Baker et al., 

2010). Previous studies of nurse-patient assignment (NPA) focus on quantitative factors 

like number of patients, location of patients, and patient acuity to balance the workload 

among nurses (Mullinax and Lawley, 2002, Schaus et al., 2009); recent studies suggest that 

qualitative factors such as continuity of care are also important to charge nurses in nurse 

workload assignment decisions (Massey et al., 2017, Plover, 2017). While continuity of 

care (CC) has been considered as critical criteria in nurse assignment models of home 

health care, where the nurse assignment decisions span multiple periods (Fikar and Hirsch, 

2017), it is underexplored in NPA problems in inpatient settings. A key concern is that 

continuity of care assignment collides with the emphasis on operational efficiency 
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(Lanzarone and Matta, 2014). Using continuity of care as a factor in assigning nurses to 

patients can come at a cost in workload balance, i.e., increasing the level of continuity in 

assignments may lead to increased workload imbalance. Perceived lack of balance in 

workloads can lead to higher levels of nurse dissatisfaction (Allen, 2015), which can affect 

patient care quality as well as nurses’ stress levels and rates of burnout. The questions we 

ponder are: what is the nature of the tradeoff between workload balance and continuity of 

care? What mechanisms can be used to break that tradeoff? 

To address the issues above, we reexamine the nurse-patient assignment problem 

and consider the impact of continuity of care on assignment decisions and workload 

distribution. NPA under continuity of care (CC) consists of assigning each patient to a 

nurse they have been assigned in a previous shift during the current hospital stay, chosen 

among the compatible ones, in order to minimize the number of staff handovers during a 

patient length of stay. The amount of work required by the patient during one shift is 

estimated by patient acuity and is the basis for determining workload balance. This problem 

can be formulated as a bi-criteria integer-programming problem whose objectives are 

maximizing workload balance and continuity of care. In addition, the problem features 

several constraints: the number of patients assigned to a nurse cannot exceed the nurse-

patient ratio (refer to N-P Ratio); nurses cannot work on consecutive shifts; patient needs 

require nurses with specific skills.  We create a simulation model that reflects the 

environment of a typical general medical-surgical unit, with a set of nurses scheduled to 

cover shifts, and a set of patients admitted to and discharged from the unit, and then 

incorporated into the discrete event simulation environment different NPA policies in order 
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to understand the performance of each policy and explore the tradeoffs between workload 

balance and continuity of care. We develop a hybrid NPA policy to continue to balance 

workloads using acuity as a quantitative measure, while introducing continuity of care to 

allow nurses to care for the same patients across multiple shifts. We compare the 

performance of the hybrid policy with control policies, namely a workload balancing policy 

(WB), a numeric balancing policy that distributes patient census (NB), and a pure CC 

policy. Each of these policies ensures numeric balance. 

The simulation results show a clear tradeoff between continuity of care and 

balanced workload distribution. To alleviate such tradeoff, we consider a refinement of the 

hybrid method, the use of an acuity threshold to segment the patient pool, relaxing the goal 

of maximizing continuity of care assignment for all patients. We borrow the idea which 

suggests that in order to break the tradeoff between efficiency and service firms should 

target customers on the basis of variability type (Frei, 2006). The acuity threshold targets 

higher-acuity patients for continuity of care assignment. These patients need more care 

than low-acuity patients (Stanton and Stanton, 2004) and may also be the ones that further 

benefit from familiarity with the caregiver. Results show that we can achieve up to a 198.70 

percentage-point increase in CC assignments, for 137.75 costs in terms of workload 

balance over a policy focused solely on workload balancing. To test the robustness of 

results we further investigate whether the proposed acuity threshold results hold under 

different simulation settings. We consider simulation scenarios where we vary the 

distribution of patient’s acuity level, nursing shift length, the nurse-to-patient ratio and the 

proportion of patients with special care needs. 
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 This research makes several contributions to the literature and managerial decision-

making. An important finding of this study is that emphasizing continuity-of-care 

assignments for the highest acuity patients while emphasizing workload balance 

assignments for the lower acuity patients seems to enable significant increases in the 

continuity of care with reduced impact on workload balance. The simplicity of the 

proposed method facilitates its implementation in practice. Most academic nurse 

scheduling work has not been incorporated into practice (Kellogg and Walczak, 2007). 

Recent work has shown success in implementation when the effort required to develop an 

assignment solution is reduced (Cohn et al., 2009). 

The remainder of the article is organized as follows. In the next section, we provide 

a review of the related literature. Then, we discuss different policies and introduce our 

method. We describe a set of simulation experiments for the nurse-patient assignment. 

Finally, we present a discussion of the results and limitations of our work, and describe 

opportunities for future work.  
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Chapter 2: Literature Review 

Work Assignment in Operational Management 

Workload assignment is a routine job for managers in an organization. Managers 

seek to divide workload in a fair and balanced manner to the employees, workload 

assignments should be suitable for the employees’ capability, should meet both the 

organization’s and the employees’ schedule needs, and should maximize the efficiency of 

operations. Furthermore, the assignment should follow guidelines of the organizational 

setting or regulatory framework and be flexible in response to urgent requirements in real 

time. A good workload assignment could benefit organizational performance, working 

efficiency, and employee satisfaction (Loucks and Jacobs, 1991). 

There is a vast body of research on task scheduling and personnel scheduling (Van 

den Bergh et al., 2013), scheduling hospital personnel, in particular, is recognized as a 

complex problem (Burke et al., 2004). Such studies typically present optimization models 

based on quantitative factors in order to improve task scheduling and rotation among 

employees in organizations (Burke et al., 2004), and workload distribution among people 

in a working unit (Sun et al., 2014). These studies contribute to the literature by proposing 

methods to solve the problems of balancing assignments or optimizing the standard 

working process and working scheduling among people or production lines. Scheduling 

methods seek to optimize for quantitative factors like production rate, resource utilization 

(e.g., process time, inventory, storage space, and length of duties), cost of production, and 

task schedule time (Hillier, 2013, Abdelghany et al., 2008). 
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The complexity of workload distribution problems is partly determined by the need 

to consider the requirements of different stakeholders. More attention is being devoted to 

satisfying employee needs in staffing and scheduling decisions (Van den Bergh et al., 

2013). For instance, studies of airline scheduling and crew assignment attempt to balance 

the desired outcomes from managers, flight crews, ground crews, and passengers against 

the organization’s production and schedule. Multiple quantitative factors are considered 

associated with stakeholder goals, including the scheduled block-time of airplanes, 

minimum crew rest after duty, crew connections between scheduled flights, passenger 

connections, and the duration of scheduled maintenance after a flight leg. (Lee et al., 2007, 

Lee et al., 2008, Burke et al., 2010). Similarly, studies of hospital personnel scheduling 

have considered physicians preferences while balancing workload distribution (Fügener et 

al., 2015). 

Work Assignment in NPA problem 

The nurse-patient assignment (NPA) literature has grown out of a vast literature on staff 

scheduling in healthcare organizations. In staff tour scheduling, organizations operate 

seven days a week, with more than one shifts a day (such as hospitals) and the particular 

tour (i.e., hours of the day and days of the week) in which the employee must work is 

specified. Various performance criteria have been used in the scheduling literature. The 

recent study classifies these criteria as patient-related, staff-related and management related 

measures (Xiang, 2017). Patient-related criteria include response or wait time, length of 

stay, and patient deferral. Staff-related criteria include overtime, workload and scheduling 

preferences. Management-related criteria include resource utilization and resource leveling 
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and cost. Additional patient requirements include patient priority or need for specialized 

nursing skills (Liang and Turkcan, 2015, Vile et al., 2017) and continuity of care (Bowers 

et al., 2015). More attention is being devoted to satisfying employee needs in staffing and 

scheduling decisions (Van den Bergh et al., 2013). For instance, studies of hospital 

personnel scheduling have considered physicians preferences while balancing workload 

distribution (Fügener et al., 2015).  

NPA follows nurse-scheduling decisions and is typically made at the beginning of 

each shift. The assignment problem involves matching patients to nursing staff in such a 

way that performance objectives are optimized. The complexity of NPA problems is partly 

determined by the need to consider the requirements of different stakeholders. 

We find in the literature different descriptions and models for NPA based on the 

distinct settings in which the NPA problem has been investigated: outpatient, inpatient, and 

homecare. The outpatient condition is a complex environment where the patients flow is 

unpredictable (Ganguly et al., 2014), patients may fail to show up for their appointment 

(LaGanga and Lawrence, 2007), patients’ appointments might be delayed due to logistical 

issues (Santibanez et al., 2012), which means that maintaining stable nurse-patient ratios 

is not feasible (Denton, 2013). A major purpose in outpatient environments is to help the 

clinic manager assign patients to available nurses in order to provide minimal waiting time 

for patients (Sevinc et al., 2013, Gocgun and Puterman, 2014, Liang and Turkcan, 2015). 

NPA in an inpatient environment faces different challenges. Generally, patients in hospitals 

require more comprehensive care activities, such as a greater number and variety of direct 

care tasks (e.g., medication administration), as well as more comprehensive and regularly-
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scheduled assessment and monitoring (Spence et al., 2006). Further, patients in inpatient 

settings will stay in a unit for more than one shift, which increases the complexity of care 

management and requirements for care coordination (Needleman et al., 2011). Surges in 

demand are managed differently in inpatient settings, as compared to outpatient contexts. 

In most hospitals, the N-P Ratio is typically fixed within a certain range by policy to 

maintain safe staffing standards. In periods of high patient load exceeding the capacity of 

scheduled nursing staff, a nurse manager cannot simply assign more patients to nurses in a 

unit; staff assignment policies disallow this, since short-term effects of overwork include 

increases in care errors, and long-term overwork conditions lead to increased levels of 

burnout and turnover among nursing staff (Lang et al., 2004).  

Several factors have been studied as drivers of nurse-patient assignments in 

inpatient settings, such as the number of patients needing care (Schaus et al., 2009), the 

location of patients across the unit (Mullinax and Lawley, 2002), variation of diagnoses 

and special requirements among patients (Sundaramoorthi et al., 2009), and predicted 

length of stay (Punnakitikashem et al., 2006).  Other considerations include the amount of 

direct care (nurse time spent directly on patient care, such as medication administration) 

and indirect care (nurse time spent on other tasks, such like documentation) required by 

individual patients (Mullinax and Lawley, 2002), the experience and education level of 

nurses scheduled in a shift (Sundaramoorthi et al., 2009), and patient acuity levels 

(Mullinax and Lawley, 2002, Schaus et al., 2009, Sir et al., 2015). 
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Acuity and Workload Balance in NPA 

Acuity is a critical factor to determine nurse-patient assignment (Leiter et al., 1998, Van 

Slyck and Johnson, 2000, Rogowski et al., 2013, Harper and McCully, 2007).  One of the 

most common factors used in NPA to represent the workload of providing patient’s care is 

acuity (Latimer et al., 2009, Myny et al., 2012). Acuity is a numeric score describing an 

overall evaluation of the patient’s condition based on patient classification systems 

(Latimer et al., 2009). These systems use several broad considerations, such as diagnoses, 

the complexity of medications to be administered, the complexity of care procedures 

required, education level required from staff, and psychosocial issues, to develop a 

quantitative acuity score (Harper and McCully, 2007).  Most commonly in nursing 

operations, patient acuity is estimated by the patient’s time demand on the nursing staff 

and the complexity of care required (Alghamdi, 2016). In more detailed NPA studies, 

patient acuity scores were generated by patient classification systems.  For instance, acuity 

for newborns was measured based on fourteen dimensions of patient diagnosis and care 

complexity (Mullinax and Lawley, 2002, Schaus et al., 2009). In another example, nurses 

used the QuadMed patient classification system to generate patient acuity scores.  This 

system combines twenty-six different patient acuity indicators, and generates numeric 

scores (Sir et al., 2015). 

A higher acuity score may imply a greater number of nursing orders, perhaps less 

common or more difficult care procedures, or more frequent visitation requirements and 

greater vigilance (Brennan and Daly, 2009). Most common nursing care activities (e.g., 

medication administration, assessments, and documentation) must follow well-defined 
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methods for care delivery from standard guidelines (McIntosh et al., 2014).  The defined 

nature of these tasks, which are critical for patient recovery (Auerbach et al., 2013), also 

make these acuity measures amenable for use in decision-making. 

Subjective Workload and the Role of Task Familiarity 

While quantitative factors provide a strong basis for NPA decision-making, many such 

approaches ignore factors such as uncertainty in patient conditions and variations in 

individual care needs, because they are more subjective in nature and difficult to quantify 

(Punnakitikashem et al., 2006, Punnakitikashem et al., 2008). Many complex jobs (Zur 

Muehlen, 2004, Kittur et al., 2013, Dong et al., 2011), including nursing (Cordery et al., 

2010), contain both objective work and subjective work, where subjective work requires 

addressing unpredictable factors and necessitates the application of a worker’s individual 

judgment and creative thinking (Weston et al., 2006, Griffin et al., 2007).  

Subjective workloads require the application of qualitative factors in decision-

making or judgements, e.g., give employee autonomy to deal with complex tasks (Cordery 

et al., 2010), allow flexible workflow arrangement (Hornung et al., 2008) and assign 

familiarity tasks to people in new product development (Reijers et al., 2007). The 

subjective workload for nurses includes recognizing unexpected changes in patient 

conditions, which may necessitate calls for emergency procedures, make interventions 

according to their own judgment, and anticipate upcoming medical orders or care activities 

(Buerhaus et al., 2005). These activities require nurses to use their critical thinking abilities 

(Brunt, 2005). These critical thinking abilities in care delivery require a nurse to practice 

creatively, make judgments with logic, and provide solutions in a complex environment 
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(Simpson and Courtney, 2002). Ignoring such factors in a nurse’s job can result in negative 

impacts on nursing performance, including errors in patient care and higher burnout rates 

(Garrett and McDaniel, 2001). 

Work familiarity (e.g., team familiarity and task familiarity) can benefit individual 

task performance and team interaction in dynamic working fields where subjective 

workloads are common, such as software development or emergency room care (Reijers et 

al., 2007, Certa et al., 2009). Previous studies showed that team familiarity could improve 

team interaction, which leads to better speed and quality of tasks. For example, dynamic 

software development tasks require cooperation among large numbers of people who are 

often geographically dispersed, and team familiarity could have a positive effect on 

performance to overcome the inherent cooperation and communication uncertainties in 

such scenarios (Harrison et al., 2003, Espinosa et al., 2007). Continuity of care 

relationships between patients and nurses could benefit the care transmission and the 

communication between patients and nurses (Austin et al., 1999, McDonald et al., 2007).   

Task familiarity can impact individual task performance, since every task needs a 

different workflow, equipment setting, and environment setting (Goodman and Leyden, 

1991), and allow employees to directly retrieve knowledge of different tasks from memory, 

which reduces task uncertainty in a complex working environment (Lim et al., 1996). The 

policy of continuity of care, which gives priority to assigning nurses to patients they have 

cared for previously (Lanzarone and Matta, 2014), can provide task familiarity in uncertain 

situations where different patients have different requirements and conditions (Allen, 

2015) 
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Continuity of Care in NPA 

Nurse-to-patient assignment (NPA) under continuity of care (refer to CC) consists of 

assigning each patient to a nurse they have been assigned in a previous shift during the 

current hospital stay, chosen among the compatible ones, in order to minimize the 

number of staff handovers during a patient length of stay. CC task assignment considers 

the history of previous and current provider-care encounters, and links such relationships 

to future care (Waibel et al., 2011).  

Continuity of care has been considered in healthcare settings that offer multiple 

episodes of contact with the same patient, such as home care health or primary care (PC) 

settings (Liu et al., 2018). There are also studies of continuity of care between hospital 

specialists and PC, the key concern here being care coordination. To the best of our 

knowledge, no studies have investigated continuity of care in inpatient settings. 

It is important to consider the continuity of care in inpatient settings for a number 

of reasons. First, the CC assignment holds the possibility of decreasing uncertainty in 

care delivery, improving the quality of care. Nurses will meet the same patients they have 

cared for in previous shifts, with greater familiarity between nurses and patients (Allen, 

2015). Studies have shown significant benefits associated with CC task assignment: 

familiarity with the patient is linked to awareness of very subtle changes in the patient 

status and timely response to patient deterioration (Massey et al., 2017). Secondly, 

continuity of care relationships between patient and nurse could benefit the care 

transmission and the communication between patients and nurses (Austin et al., 1999, 

McDonald et al., 2007) leading to improved patient satisfaction. Patients and their 
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families will benefit from additional familiarity, since they could predict which caregiver 

will serve in the future and the potential care quality to be expected from the caregiver 

(Haggerty et al., 2003). Primary care patients’ experiences showed that CC assignments 

were associated with better care coordination as perceived by relatives (Bodenheimer, 

2008). 

In sum, greater continuity in relationships between patients and care providers 

could help with timely care delivery, timely capture of patients’ medical histories and 

other requirements, and care coordination across providers and settings (Schoen et al., 

2009). Therefore, continuity of care a valid factor for the nurse-patient assignment 

(Plover, 2017). A key concern in including CC in NPA is the impact on operational 

efficiency (Lanzarone and Matta, 2014). While not yet studied in the literature, discharge 

related tasks are gaining importance with the goal of reducing hospital readmission rate. 

Continuity of care, in which more relationship can be developed between nurse, patient, 

and patient’s family, holds the potential to increase the effectiveness of discharge 

education, although this need to be verified in future work.  
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Chapter 3: Problem Description and Research Method 

Problem Description 

The nurse-patient assignment problem occurs within a broader context in which managers 

make three types of decisions: first, requirements planning, based on a workload model 

leading to nurse hiring decisions; second, scheduling decisions, determining on how many 

nurses to schedule for each shift and how each nurse works over the scheduling horizon; 

third, a real-time assignment to actual patients, with necessary adjustments to 

accommodate actual demand (Wright et al., 2006). 

This paper considers an inpatient setting in which scheduling decisions have been 

made a priori, i.e., the number of nurses allocated to the unit and to each shift has been 

determined. Also predetermined is the scheduling pattern for how each nurse works over 

the scheduling horizon: either 3 or 4 consecutive days, and either day or night shift. Each 

nurse will work 14 days per month, which fits common nurse scheduling scenarios (Azaiez 

and Al Sharif, 2005).  

We focus on the NPA problem, the assignment of nurses to specific patients at the 

beginning of the shift. Building on previous NPA research, we focus on the inherent 

tradeoff between workload balance and continuity of care, with the objective of helping 

clinical decision makers implement continuity of care with minimal impact on workload 

balance. Hence, the performance criteria guiding the NPA decision are workload balance 

and continuity of care. As a measure of workload, we consider patient acuity, a widely-

used numeric measure of the seriousness of a patient’s condition (based on diagnosis, 

medications, and other pertinent information) (Harper and McCully, 2007).  The models 
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seek to minimize the acuity imbalance across all nurses in a shift in order to ensure that no 

nurse is overworked, and that each nurse has sufficient time to provide quality care to each 

patient. To operationalize this, we would like to minimize the cumulative departure from 

average patient acuity across all nurses in a shift.  Simultaneously, we would also like to 

assign as many patients as possible to nurses based on previous care relationships, i.e., 

nurses who have cared for them in prior shifts. Ideally, patients would be assigned a single 

nurse during the length of stay, however, that is not feasible since the length of stay for 

inpatient admissions typically spans multiple shifts and nurses do not work contiguous 

shifts. Still, the decision model should seek assignments that minimize the number of 

nurses that care for the same patient. 

The baseline case includes a set of assumptions based on organizational and 

contextual factors that are typical in inpatient hospital settings. Patients have varying levels 

of acuity and the level of acuity varies during the patient length of stay. The acuity levels 

are drawn from a normal distribution with a mean of 0.5 and vary in the range [0.1-0.95. 

Second, nurses work a 12-hour shift covering either the day or night shift; in reality, nursing 

shift length may vary across hospitals. Third, we schedule nurses with an assumption of a 

1:6 N-P Ratio for expected patient loads. Fourth, we assume that all nurses are 

interchangeable (i.e., no special skills are required for any patients). Fifth, recognizing that 

inflexible nursing patient ratios respond poorly when it is necessary to adjust to real 

demand leading systematically to overstaffing or understaffing (Yankovic and Green, 

2011) we allow the decision model to patient loads that exceed the desired N-P Ratio at a 

penalty. 
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Problem Example 

This study was motivated by the question of whether it might be possible to blend 

quantitative and qualitative goals in multi-criteria assignment policy. Our intuition was that 

such a scheme would enable us to better understand the tradeoffs associated with these 

goals. We present a simple example of these potential tradeoffs motivated by the nurse-

patient assignment problem in an inpatient hospital setting.  In this scenario, we would like 

to pursue a qualitative goal of assigning patients to nurses based on prior care relationships. 

As a quantitative goal, we consider patient acuity, a widely-used numeric measure of the 

seriousness of a patient’s condition (based on diagnosis, medications, and other pertinent 

information) (Harper and McCully, 2007).  In this scenario, we would like to minimize the 

acuity imbalance across all nurses in a shift in order to ensure that no nurse is overworked, 

and that each nurse has sufficient time to provide quality care to each patient. To 

operationalize this, we would like to minimize the cumulative departure from average 

patient acuity across all nurses in a shift.  Simultaneously, we would also like to assign as 

many patients as possible to nurses who have cared for them in prior shifts.  Obviously, 

there is a tradeoff between the goal to balance patient acuity across all nurses and to assign 

patients to nurses based on previous care relationships. Let us consider an example set of 

patients across a set of shifts, as shown in Table 1, which shows each patient’s acuity for 

each shift. 
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Patient/Acuity Shift 1 Shift 2 Shift 3 

Smith 0.75 (new admit) 0.8 0.8 

Jones   0.9 (new admit) 

Singh 0.8 0.9  0.7 

Chen  0.8 (new admit) 0.6 

Hardy 0.6 0.5 0.4 

Acosta   0.35 (new admit) 

Miller 0.5 0.3 (discharge)  

Carter 0.3 (discharge)   

Table 1: Patients' status and acuity across shifts 

Table 2 shows the shift work schedule for nurses. Shifts 1 and 2 represent prior 

shifts, while Shift 3 represents the current shift, for which we need to assign nurses to 

patients. A ‘*’ indicates that a nurse is working in a shift.  

Nurse Schedule Shift 1 Shift 2 Shift 3 

Sam *  * 

Jean *  * 

Carol  *  

Anna  *  

Table 2: Nurse schedule across three shifts 

Table 3 shows the nurse-patient assignments across prior shifts. A ‘*’ indicates that 

a nurse has cared for a patient in a previous shift. 

Prior-care 

Relationships 
Smith Jones Singh Chen Hardy Acosta Miller Carter 

Sam *      *  

Jean   *  *   * 

Carol   * *     

Anna *    *  *  

Table 3: Nurse-patient relationships before Shift 3 

First, we note that newly admitted patients have no prior-care relationships. In this 

case, we have two new patients, Jones and Acosta, for Shift 3. For these patients, the 

relationship-based assignments are not possible. Second, some patients may have prior care 
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relationships, but the corresponding nurses may or may not be scheduled to work in the 

current shift. In this case, we have one prior patient, Chen, without a prior care relationship 

with nurses working in Shift 3. Here as well, the relationship-based assignments are not 

feasible. Third, nurses with prior care relationships may be assigned to the current shift, 

but the patients they cared for may have been discharged. In this case, we have one prior 

patient, Miller, who was discharged before Shift 3 (but had a care relationship with current-

shift nurse Sam). Here, too, the relationship-based assignment cannot be applied.  

Let us now consider what happens in the case where we pursue an approach 

(Assignment I) based purely on minimizing acuity imbalances. Here, we assign Smith, 

Singh, and Acosta to Jean, and Jones, Chen, and Hardy to Sam. In this case, we have 

minimized acuity imbalance across the nurses, but only Singh has a prior care relationship 

with Jean (33% of prior care relationships for Jean, and 0% of care relationships for Sam).  

Next, we consider what happens when we first assign patients to nurses based on 

prior care relationships (Assignment II). Here, we assign Smith to Sam (33% of prior care 

relationships for Sam), and Singh and Hardy to Jean (66% of prior care relationships for 

Jean) based on the prior care relationships before Shift 3. We note that these initial 

assignments result in acuity assignments as well, giving nurses with prior-care 

relationships initial acuity workload scores (where the workload score for the purposes of 

this example is a simple sum of assigned patients’ acuity): Sam has a workload score of 

0.8, while Jean’s workload score is 1.1, and some patients remain unassigned. If we assign 

the remaining patients to nurses based on acuity, considering the acuity scores assigned 

based on prior relationships, then we will make the following assignments: Jones and 
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Acosta are assigned to Sam, while Chen is assigned to Jean. This results in acuity scores 

as follows for each nurse: 1.70 for Jean and 2.05 workload for Sam. Here, there is a 

marginal increase in acuity imbalance over the acuity-only case, 0.05 vs. 0.35; however, 

we were also able to assign 50% of patients (3 of 6) to nurses based on prior care 

relationships at relationship-based case compared to 17% of patients (1 of 6) to nurses 

based on prior care relationships at acuity-only case. In this scenario, for a penalty in 

workload imbalance, we were able to gain a substantial percentage of relationship-based 

assignments, with their attendant benefits. In other word, this is a tradeoff between 

workload balance and continuity of care. The detailed information of these two 

assignments is shown in Figure 1 below.  

 

Figure 1: Two different NPA policies for the same patient census  

There are two numbers associated with each nurse; the first representing the total 

workload score and the second representing the percentage (continuity of care) from all 

assigned patients. 
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Research Model 

Notations 

In this section, we present a model of workload in hospital shift assignments and a summary 

of the notation we will use through the remainder of the paper.  Further, we present a set 

of algorithms that demonstrate how we can blend both quantitative and qualitative goals in 

a workload balancing method. We present these algorithms in the context of acuity and 

relationship-based assignment.  

Notation Meaning 

𝑪 A sequence of shifts contains last shift c-1, and current shift c. 𝑪 =
{𝟏 …  𝒄}. 

𝒄 Current shift number 

𝒉𝒋 Nurse working in the unit with ID 𝒋      

𝑯 Set of nurses (𝒉𝒋) with ID 𝒋 in the pool of nurses working in the unit, 

such that  𝒉𝒋 𝝐 𝑯 

𝑯𝒄 Set of nurses (𝒉𝒋) to represent nurses working in current shift 𝒄, such 

that 𝑯𝒄 ⊆ 𝑯 

𝒑𝒊 Each patient (𝒑𝒊) ID 𝒊 in a shift. 

𝒆𝒊 Shift number of admissions for each patient (𝒑𝒊)   

𝒇𝒊 Shift number of discharges for each patient (𝒑𝒊)   

𝒕𝒑𝒊 Patient 𝒊 normalized acuity in a shift, 𝒕𝒑𝒊 is in the range [𝟎 …  𝟏]. 

𝑷 Set of tuples (𝒑𝒊, 𝒆𝒊, 𝒇𝒊) for all patients’ records in all shifts, such that 

𝑷 = {(𝒑𝟏, 𝒆𝟏, 𝒇𝟏) … (𝒑𝒊, 𝒆|𝑷|, 𝒇|𝑷|)}.   

𝑷𝒄 Set of tuples (𝒑𝒊, 𝒕𝒑𝒊) for patients’ records in current shift, such that 

𝑷𝒄 = {(𝒑𝟏, 𝒕𝒑𝟏) … (𝒑|𝑷𝒄|𝒕|𝑷𝒄|)}.  

𝑾𝒄 Set of working packages (𝒘𝒌) to store patients’ information for nurses 

𝒉𝒋 in shift 𝒄, such that 𝑾𝒄 = {𝒘𝟏 … 𝒘𝒌}. 

𝒘𝒌 Working package (𝒘𝒌) to store patients’ information in a shift, 𝒌 =
{𝟏 … |𝑯𝒄|} 

𝒂𝒄𝒖(𝒘𝒌) Workload for working package 𝒘𝒌, where 𝒂𝒄𝒖(𝒘𝒌) = ∑ (𝒕𝒑𝒊)
|𝒖|
𝒊=𝟏 . 

𝒖 Average number of patients per nurse in a shift, where 𝒖 = ⌈|𝑷𝒄|/|𝑯𝒄|⌉ 

𝒛𝒋 The total workload of nurse 𝒉𝒋 in a shift 
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𝒂𝒄 The average workload of each nurse in a shift, where 𝒂𝒄 = 

∑ (𝒕𝒑𝒊)
|𝑷𝒄|
𝒊=𝟏 /|𝑯𝒄| 

𝒔𝒊𝒋 Represent the historic care times where 𝒉𝒋 cared for 𝒑𝒊 before, 𝒔𝒊𝒋 =

∑ {𝟏}
𝒄−𝟏

𝒄−𝒆𝒊
 where 𝒉𝒋 → 𝒑𝒊 in previous (𝒄 − 𝒆𝒊) shifts 

𝑺𝒄 Set of tuples (𝒑𝒊, 𝒔𝒊𝒋, 𝒉𝒋) to represent prior care relationships among 

nurses and patients in current shift, such that 𝑷 =
{(𝒑𝟏, 𝒔𝟏𝟏, 𝒉𝟏) … (𝒑|𝑷𝒄|, 𝒔|𝑷𝒄|∗|𝑯𝒄|, 𝒉|𝑯𝒄||)}.   

𝑸𝒄 Array 𝑸𝒄 = {𝟏 … |𝑷𝒄|}, where each element is defined as 1 if the 

corresponding patient was assigned based on a prior-care relationship, 

otherwise 0.  

𝒗𝒋𝒎 Historic workload for nurse 𝒉𝒋 in previous 𝒎 shifts 

𝑽𝒄 Set of tuples (𝒉𝒋, 𝒗𝒋𝒎) to represent the historic average workload for 

each nurse in current shift 

𝒅 Threshold of acuity 𝒕𝒑𝒊 to be considered in care relationship assignment, 

𝒅 is in the range [𝟎 …  𝟏]. 
Table 4: Summary of Notation 

We describe a model for the information needed in the nurse-patient workload 

assignment problem. In Table 4, we present a summary of the notation used throughout 

the remainder of the paper.  We use 𝐶 to represent a sequence of shifts, where 𝑐 represents 

the shift number of the current working shift. Each nurse is represented by an identifier ℎ𝑗 , 

where 𝐻 is pool of nurses working in a unit, and ℎ𝑗  𝜖 𝐻. 𝐻𝑐 is a set of nurses (ℎ𝑗) nurses 

working in current shift 𝑐, where 𝐻𝑐 ⊆ 𝐻. We use 𝑝𝑖 to represent a patient by id 𝑖, 𝑒𝑖 to 

represent a patient’s shift of admission, 𝑓𝑖 to represent a patient’s shift of discharge, and 

𝑡𝑝𝑖 to represent patient’s normalized acuity, which is in the range [0 …  1]. We use 𝑃 as a 

set of tuples (𝑝𝑖, 𝑒𝑖, 𝑓𝑖) to represent all patients’ records in all shifts, and 𝑃𝑐 as a subset of 

tuples (𝑝𝑖, 𝑡𝑝𝑖) that represents patients’ acuity in current shift 𝑐.  

𝑊𝑐 is a set of working packages in a shift, where 𝑤𝑘 ϵ 𝑊𝑐. We used 𝑤𝑘 to represent 

the working package of each nurse in a shift.  We count the summary of the patients’ acuity 
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(denoted by 𝑎𝑐𝑢(𝑤𝑘)) for working package 𝑤𝑘 in each assignment round until all 𝑝𝑖 are 

assigned to nurses ℎ𝑗 , 𝑎𝑐𝑢(𝑤𝑘) = ∑ (𝑡𝑝𝑖)
|𝑢|
𝑖=1 ,where 𝑝𝑖 ϵ 𝑤𝑘 . Then we employ 𝑢  as the 

average number of patients per nurse in current shift, where 𝑢 = ⌈|𝑃𝑐|/|𝐻𝑐|⌉. The total 

workload of nurse 𝑗 in a shift is represented by 𝑧𝑗. The average workload of each nurse in 

a shift is represented by 𝑎𝑐, where 𝑎𝑐 = ∑ (𝑡𝑝𝑖)
|𝑃𝑐|
𝑖=1 /|𝐻𝑐|.  

For relationship-based assignments, we note that it is possible that there may be 

multiple nurses with prior-care relationships, so we need a means of selecting one prior-

care relationship over others.  Here, we assign the patient to the nurse with the largest count 

of prior-care shifts (or, given equal counts, the most recent prior-care shift). To determine 

this, we access the set of prior-care relationships 𝑆𝑐  to calculate 𝑠𝑖𝑗 . Specifically, 𝑠𝑖𝑗 =

∑ {1}
𝑐−1

𝑐−𝑒𝑖
, where ℎ𝑗 → 𝑝𝑖. This captures a count of shifts in which a nurse ℎ𝑗  has cared for 

a patient 𝑝𝑖 since 𝑝𝑖 arrived in the unit (i.e., over the previous (𝑐 − 𝑒𝑖) shifts), which is 

stored in array 𝑄𝑐.  

For workload balanced assignments, 𝑣𝑗𝑚 represents the average historic workload 

for nurse ℎ𝑗  in the previous 𝑚 shifts; 𝑣𝑗𝑚 = ∑ (𝑧𝑗)/𝑚𝑐
𝑚=𝑐−𝑦 . We use 𝑉𝑐 to store a set of 

tuples containing historic average workload 𝑉𝑗𝑚 for each nurse ℎ𝑗  in shift 𝑐, then assign 𝑤𝑘 

to ℎ𝑗  based on the differences in 𝑣𝑗𝑚.  

Policies Overview 

To demonstrate the possibility of blending quantitative and qualitative goals, we present a 

method for the nurse-patient assignment based on both acuity and relationship continuity 

goals. We aim at a heuristic approach for a near-optimal solution that can be determined 
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with minimal computation. It is possible to solve this problem as an integer programming 

problem; however, solvers are not guaranteed to produce the solutions in a short time 

frame, which is needed in a hospital environment.  

We call our method the continuity of care (CC) – workload balanced (WB) policy. 

In this hybrid algorithm, the available patients in a shift will be classified into a prior-

patient group (in hospital for more than one shift) and a new-patient group (just admitted 

into the unit). For the prior-patient group, we track their previous care records, and attempt 

to assign them to available nurses who have cared for them before. Based on the length of 

the patients’ stays and the nurses’ schedules, we cannot necessarily assign all prior-care 

patients based on prior-care relationships. For the new-patient group and any prior patients 

not assigned based on prior-care relationships, we assign these patients to nurses to balance 

acuity as far as possible in the shift.  

To demonstrate the effectiveness of this hybrid policy we contrast its performance 

with three other assignment methods. First, we developed a WB policy. The WB policy 

attempts to balance the workload among available nurses in several shifts.  Second, we 

developed a patient number balanced policy (which we refer to as the NB case), in which 

patients are assigned to nurses without a quantitative or a qualitative goal; we simply ensure 

that we balance the number of patients per nurse to the extent possible.  Finally, we 

developed a CC-NB policy. The CC-NB policy works much like the CC-WB policy, except 

that patients who cannot be assigned based on prior care relationships are assigned 

randomly, rather than based on acuity. 



 

24 

 

In the remainder of the section, we describe the WB policy and the CC-WB policy.  

We omit a detailed description of the NB policy, since it is clear without further detail. We 

also omit a detailed description of the CC-NB policy, because it is similar to the CC-WB 

policy (using random assignment rather than acuity for patients without prior-care 

relationships).   

The WB Policy 

In the WB policy, we try to minimize acuity workload imbalance across the set of nurses 

working in a shift, i.e., we purse purely objective goals in workload distribution.  

In this approach, we first create several empty working packages 𝑤𝑘 for the 

number of nurses |𝐻𝑐| in a shift. We need ⌈|𝑃𝑐|/|𝐻𝑐|⌉ number of rounds to assign patients 

𝑝𝑖 to working packing packages 𝑤𝑘. In each round, we order all working packages 𝑤𝑘 in 

ascending order by their total workload 𝑎𝑐𝑢(𝑤𝑘). We then order all unassigned patients 

𝑝𝑖 in descending order by their acuity 𝑡𝑝𝑖. We then assign the patients 𝑝𝑖 to working 

packages 𝑤𝑘 according to these orderings. After all patients are assigned to working 

packages, the nurse with the lowest historic workload 𝑣𝑗𝑚 from the previous 𝑚 shifts is 

assigned the working package with the highest workload, while a nurse with highest 

historic workload 𝑣𝑗𝑚 from previous 𝑚 shifts is given the working package with the 

lowest workload.   

Algorithm 1: WB policy 

1.  Input current shift number 𝑐  

2.  Input a set of 𝐻𝑐  

3.  Input a set of 𝑃𝑐 

4.  Input a set of 𝑉𝑐 

5.  for 𝑘 = 1 to |𝐻𝑐| 
6.    create 𝑤𝑘, 𝑤𝑘 is empty 
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7.  end for  

8.  sort 𝑃𝑐 by descending order the 𝑝𝑖 with 𝑡𝑝𝑖 

9.  for number of round = 1 to 𝑢//total rounds 

10.    for 𝑘 =1 to |𝐻𝑐| 
11.      if |𝑃𝑐|>0 

12.        𝑝𝑚𝑎𝑥= 𝑝𝑖with 𝑚𝑎𝑥(𝑡𝑝𝑖) 

13.        assign 𝑝𝑚𝑎𝑥 to  𝑤𝑘 

14.        remove 𝑝𝑚𝑎𝑥 from 𝑃𝑐 

15.      end if 

16.    end for 

17.    sort 𝑤𝑘 by ascending order of 𝑎𝑐𝑢(𝑤𝑘) 
18.  end for 

19.  sort ℎ𝑗  by ascending order of 𝑣𝑗𝑚 from 𝑉𝑐 

20.  for 𝑘 =1 to |𝐻𝑐| 
21.    set ℎ𝑗 → 𝑤𝑘 mapping //finish the n-p assignment 

22.  end for 

23.  return all 𝑤1 to 𝑤|𝐻𝑐|where ℎ𝑗 → 𝑤𝑘 mapping //output of n-p 

assignment 

 

Algorithm 1 describes this method in more detail. Inputs are current shift number 

𝑐; nurse information with personal ID ℎ𝑗  from 𝐻𝑐, patient information with personal ID 

𝑝𝑖 from 𝑃𝑐 and current acuity 𝑡𝑝𝑖; and average historic workload 𝑣𝑗𝑚 from 𝑉𝑐. We need all 

these inputs to be part of our workload balanced nurse-patient assignment (Alg. 1, lines 

1-4). 

We then initialized working package structure 𝑤𝑘 to fit the number of nurses |𝐻𝑐| 

in the current shift (Alg. 1, lines 5-7). We then sort all patients by descending order their 

current acuity (Alg. 1, line 8).  For each (𝑢, 𝑘) pair, if the number of patients |𝑃𝑐| > 0, we 

assign the patient with highest current acuity 𝑡𝑝𝑖 to the working package wk with lowest 

total acuity 𝑎𝑐𝑢(𝑤𝑘), and continue this order-assign process until all current patients 

have been assigned to working packages. After these assignments, we sort all the 

working packages by ascending order based on total acuity 𝑎𝑐𝑢(𝑤𝑘) (Alg. 1, lines 9-18).  
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We sort nurses by descending order of their average historic working acuity 𝑣𝑗𝑚  (Alg. 1, 

line 19).  For nurses in the current shift, we assign a nurse to each working package based 

on these orderings (Alg. 1, lines 20-22), and output the nurses-patients’ assignment with 

total acuity (Alg. 1, line 23). 

The Hybrid CC-WB Policy 

The CC-WB policy seeks to achieve workload balance among available nurses in several 

shifts, as well as accrue the qualitative benefits available from the continuity of care 

relationships between nurses and patients. In the proposed policy, we use seven steps to 

do the NPA assignment.  

1. Separate the patients in the current shift into two groups, a new-patient group 

(with no prior care relationships) and a prior-patient group (with prior care 

relationships).  

2. Consider the nurse-patient care relationships from previous shifts for the prior-

patient group.  

3. Store care relationships in the set of tuples, which record the patient-nurse care 

relationship (i.e., count 1 as existed care relationship, while count 0 as no care 

relationship) from previous shifts.  

4. Sort these tuples by descending order of care relationship between nurses and 

patients 

5. Assign the patient with maximum care relationship record with the nurse and 

meeting the acuity threshold such patient (i.e., patient acuity is bigger or equal to 

acuity threshold will be considered to use this CC approach).  
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6. Move the remaining patients (i.e., patients in the prior-care group who cannot be 

assigned based on prior-care relationships) to the new-patient group.  

7. Used workload balancing function to assign them to each nurse based on the WB 

approach for the new-patient group.  

We separate the patients in the current shift into two groups, a new-patient group 

(with no prior care relationships) and a prior-patient group (with prior care relationships). 

For the prior-patient group, we consider nurses-patients care relationships from previous 

shifts. These care relationships are stored in the set of tuples 𝑆𝑐, which record the patient-

nurse care relationship (𝑝𝑖, 𝑠𝑖𝑗, ℎ𝑗) from previous shifts. We sort 𝑆𝑐  by descending order of 

𝑠𝑖𝑗, and then assign the 𝑝𝑖 with maximum 𝑠𝑖𝑗 and meeting the acuity threshold  𝑡𝑝𝑖 ≥ 𝑑 to 

the list 𝐵, which stores the patients’ information with maximum care times. We then 

assign 𝑝𝑖 in list 𝐵 to ℎ𝑗 . For the remaining patients in the prior-care group who cannot be 

assigned based on prior-care relationships, we move these patients to the new-patient 

group. For the new-patient group, we used workload balanced function to assign them to 

each nurse based on the workload 𝑎𝑐𝑢(𝑤𝑘). The algorithm is presented below. 

Algorithm 2: CC-WB 

1.  Input current shift number 𝑐  

2.  Input a set of 𝐻𝑐 

3.  Input a set of 𝑃𝑐  
4.  Input a set of 𝑆𝑐 

5.  for 𝑘 = 1 to |𝐻𝑐| 
6.    create 𝑤𝑘, 𝑤𝑘 is empty 

7.    assign ℎ𝑗 → 𝑤𝑘for 𝐻𝑐 

8.  end for  

9.  for each 𝑝𝑖ϵ 𝑃𝑐 

10.    Set 𝑐_𝑚𝑎𝑥_ℎ = 0 

11.    Set 𝑚𝑎𝑥 = 0 

12.      ∀ ℎ𝑗 , ∃ ℎ𝑗 → 𝑝𝑖 ϵ  𝑆𝑐 
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13.        if 𝑠𝑖𝑗 for ℎ𝑗 → 𝑝𝑖> 𝑚𝑎𝑥  

14.          𝑚𝑎𝑥 = 𝑠𝑖𝑗 

15.          𝑐_𝑚𝑎𝑥_ℎ = 𝑗 
16.        end if 

17.    end for 

18.    If 𝑐_𝑚𝑎𝑥_ℎ > 0  

19.    assign 𝑝𝑖 → 𝑤𝑘 where 𝑤𝑘 → ℎ𝑗     

20.      remove the assigned 𝑝𝑖 from 𝑃𝑐 

21.    end if  

22.  end for  

 

23.  if |𝑃𝑐|>0  

24.    sort 𝑃𝑐 by descending order the 𝑝𝑖with 𝑡𝑝𝑖  

25.    for ℎ𝑗 , 𝑗 = 1 to |𝐻𝑐| 

26.      sort 𝑎𝑐𝑢(𝑤𝑘), by ascending order of 𝑎𝑐𝑢(𝑤𝑘), then by 

|𝑤𝑘|for all ℎ𝑗  with equal 𝑎𝑐𝑢(𝑤𝑘) 

27.    end for  

28.    assign 𝑝𝑖 with 𝑚𝑎𝑥(𝑡𝑝𝑖) ℎ𝑗  with min [𝑎𝑐𝑢(𝑤𝑘)] 

29.    remove the assigned 𝑝𝑖 from 𝑃𝑐 

30.  end if 

 

Inputs are current shift number 𝑐; set of nurses working in current shift 𝐻𝑐 with 

personal ID ℎ𝑗; set of patients 𝑃𝑐 in current shift with personal ID 𝑝𝑖 and current acuity 

𝑡𝑝𝑖; and set of historic nurse-patient care relationship 𝑆𝑐, which holds the care-

relationship counts (𝑠𝑖𝑗) for patient 𝑝𝑖 with nurse ℎ𝑗  in the previous (𝑐 − 𝑒𝑖) shifts. We 

need all these inputs to support the relationship-based nurse-patient assignment (Alg. 2, 

lines 1-4). 

For each nurse in the current shift, we use the perimeter 𝑤𝑘 to store the patient set 

assigned to each nurse ℎ𝑗 . Each working package 𝑤𝑘 is empty to start (Alg. 2, lines 5-8). 

For each patient in the current shift, we create nurse-patient assignments in three stages: 

(1) separate patients in prior-care and new-patient groups; (2) for prior patient group, we 

assign patients to nurses based on prior-care relationships; and (3) for new admission 
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patient or prior patient who do not have previous care relationship with current nurses, 

we use the WB function to assign them to nurses (Alg. 2, lines 9-30). We set the 

parameter 𝑐_𝑚𝑎𝑥_ℎ to store current nurses who had previous care relationships with 

patients (Alg. 2, line 10). We set the parameter 𝑚𝑎𝑥 to store the maximum care times 𝑠𝑖𝑗 

(Alg. 2, line 11). For current nurses who have previous care relationships with patients in 

we find these nurses where ℎ𝑗 → 𝑝𝑖 map with the maximum value of (𝑠𝑖𝑗) and acuity 𝑡𝑝𝑖 

of 𝑝𝑖 is greater or equal to 𝑑. We store these nurses’ information into perimeter 𝑐_𝑚𝑎𝑥_ℎ. 

If more than one maximum (𝑠𝑖𝑗) exists, we assign patients to nurses based on the most 

recent care relationship. (Alg. 2, lines 11-17). If the 𝑐_𝑚𝑎𝑥_ℎ is bigger than zero, we 

assign the 𝑝𝑖  to 𝑤𝑘  for ℎ𝑗  based on the historic care relationship. We removed the 

assigned patients 𝑝𝑖 from 𝑃𝑐  (Alg. 2, lines 18-22).       

For new admission patients or prior patients who do not have previous care 

relationships with current nurses in 𝐻𝑐, we use WB function to assign them to nurses 

(Alg. 2, lines 23-30).  We first sort the remaining patients by descending order their 

current acuity 𝑡𝑝𝑖
 (Alg. 2, lines 24). We then sort the nurses in the current shift by 

ascending order their current workload 𝑤𝑘  (Alg. 2, lines 25-27). We assign the remaining 

patient with the highest current acuity 𝑡𝑝𝑖
 to the ℎ𝑗  with the lowest total acuity 𝑤𝑘 at each 

time, and continue this order-assign process until all remaining patients have been 

assigned (Alg. 2, lines 28-30). 
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NB Policy 

The number balancing (NB) policy is subject only to numeric balance, i.e. each nurse has 

the same number of patients, which are selected randomly. This is a common practice 

followed by charge nurses in real inpatient hospital settings. 

CC Policy 

Continuity-care (CC) method prioritizes continuity. In this algorithm, the 

available patients in a shift will be classified into a prior-patient group (in hospital for 

more than one shift) and a new-patient group (just admitted into the unit). For the prior-

patient group, we track their previous care records, and assign them to available nurses 

who have cared for them before, giving priority to the nurse with the higher care 

frequency, i.e., the number of shifts they previously cared for this patient. Based on the 

length of the patients’ stays and the nurses’ schedules, we cannot necessarily assign all 

prior-care patients based on prior-care relationships. For the new-patient group and any 

prior patients not assigned based on prior-care relationships, we assign these patients to 

nurses based on NB policy ensure numeric balance. 
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Chapter 4: Data Simulation  

Simulation Overview 

Simulation models have been used to analyze the performance of heuristics related to job 

allocation problems (Amoako-Gyampah and Meredith, 1996), and are well suited to 

represent the complexities of a medical surgery unit (Ferrand et al., 2014). We adopt a 

simulation methodology adapting to the NPA context. In this section, we describe the 

simulated operational setting, the performance metrics, and NPA heuristic-based policies. 

The goal of the simulation is to assess the performance of heuristics that address 

continuity of care and workload balance objectives in the NPA. The simulation model 

allows us to explore constraints and options that are challenging to model in the MIP. We 

can also capture the stochastic characteristics of patients’ lengths of stay, which would 

turn the optimization model further complex. 

We start with a simple set of heuristics to understand the nature of the tradeoff 

between continuity of care and nurse workload balance. These simple heuristics seek to 

maximize continuity of care.  We then explore the performance impact of a heuristic that 

seeks to break the performance tradeoff in a way that still prioritizes continuity of care. 

The simulation model enables an understanding of the potential benefits of adopting these 

scheduling policies. We want to understand the tradeoff space for different assignment 

solutions, and plan to further explore the impact of contextual factors (e.g., different 

patient flow, different shift arrangements) to our hybrid approach. 
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Baseline Case Setting 

Our model simulates the operation of an inpatient hospital unit setting for four weeks (56 

shifts).  We consider a unit staffed by 21 nurses, a dimension consistent with previous 

studies (Goncalves et al., 2007), and nurses work in 12-hour shifts (Leiter et al., 1998, 

Bushnell et al., 2010). Each nurse is consistently scheduled for either days or nights (i.e., 

nurses assigned to day shifts consistently work days, and nurses assigned to night shifts 

consistently work nights) (Scott et al., 2006).  Nurses typically work four days a week 

(Caruso, 2014).  The nurse schedule is either 3 consecutive days or 4 consecutive days per 

week, and each nurse will work 14 days per month. 

There are 42 beds in the unit, i.e., the unit can provide care for a maximum of 42 

patients in a shift. Based on the literature, we set the nurse-patient ratio at 1:6 for the 

baseline case (Duffield et al., 2011). The number of patients generated in 30 days is based 

on the average length of stay, 10 shifts, and the nurse capacity in one month, i.e., the total 

care shifts (sum for all nurse in a unit) is 294 (21 nurses * 14 shifts) and target nurse-patient 

ratio of 1:6. Hence, the number of patients admitted to the unit per shift follows a normal 

distribution around a mean of 2.77 and a standard deviation of 1.70. Each patient stays 

between 4 and 22 shifts, distributed normally around a mean of 9.07 (Stimpfel et al., 2012, 

Brodovicz et al., 2013, Pakzad et al., 2014), also consistent with previous studies that show 

patient length of stay varies between 6 shifts to 14 shifts with an average 10 shifts (Cleary 

et al., 1991).  

Patients are assigned a series of acuity scores during the patient’s length of stay in 

the hospital, and such acuity score changes shift by shift to represent a patient’s condition 
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changes in the real world. The acuity scores are drawn from a normal distribution with a 

mean of 0.50 (acuity scores fall in the range [0…1.0]). The normal distribution represents 

a typical patient condition in a general medical unit, since patients with low acuity (2%) 

(less than 0.1) tend to be discharged, and patients with high acuity (2%) (greater than 0.90) 

tend to be transferred to higher-care units or another hospital. 

We created 50 separate simulated datasets, with a combined total of 9,000 

simulated patients’ records (180 patients per dataset), and 81670 patient-shift entitles, 

where each patient-shift entity represents an individual instance of the nurse-patient 

assignment problem. On average, there are 21 patients per shift across all shifts in our data 

sets. This represents an average nurse-patient ratio of 1:5.56 per shift, which is 

representative of real-world nurse-patient ratios (Lang et al., 2004). 

Performance Metrics 

To measure the amount of acuity imbalance that results from the given workload 

distribution method, we use the metric defined in the optimization model, the Accumulated 

Acuity Imbalance (AAI).  AAI is calculated as the sum across all nurses and across all 

shifts, of the absolute difference between each nurse workload in a shift and the average 

workload per nurse in the same shift. Specifically, we calculate AAI as follows:  𝐴𝐴𝐼 =

 ∑ ∑ |𝑧𝑗 − 𝑎𝑐|
|𝐻𝑐|
1

|𝐶|

1
.    

For the continuity goal, the discrete event simulation model allows us to consider a 

more granular view of the history of care relationships, and track the percentage of patients 

assigned to nurses based on prior care relationships. To measure this, we define a metric 

called Percentage of Continuity of Care (PCC), where PCC is calculated as follows: 𝑃𝐶𝐶 =
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  ∑ ∑ (𝑄𝑔)

|𝑃𝑐|
𝑔=1

|𝐶|

𝑐=3

∑ |𝑃𝑐|
|𝐶|
𝑐=3

 . We begin to count PCC at shift 3 since no patients will have prior care 

relationships at the first two shifts.  

We use the output from 50 simulation runs to compete for the average AAI and 

average PCC for each policy.   
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Chapter 5: Results  

Initial Results 

In this section, we present the results of the baseline model for the simple hybrid heuristic. 

In our experimental evaluation, we first measure AAI and PCC for each of four simple 

heuristic methods: CC, WB, CC-WB, and NB. The CC-WB approach is our proposed 

method for blending continuity of care and workload balance goals. WB attempts to 

minimize acuity, CC case represents a scenario where we pursue maximum relationship-

based assignment.  

We present the AAI and PCC results in Table 7. Recall, the AAI metric represents 

the sum of all acuity imbalances (difference from average for each nurse in a shift) across 

all shifts; we use this metric to demonstrate the accumulated effects in terms of workload 

imbalance over time. To support continuity of care scheduling (which requires knowledge 

of prior care relationships), we generated an initial set of two setup shifts representing shifts 

occurring before the start of our four-week simulation scenarios.  In these setup shifts, we 

used an NB method to assign nurses to shifts, solely to provide the possibility of prior-care 

relationships across all shifts.  We do not report on the metric for continuity of care for 

these setup shifts. 

The four policies (CC, WB, CC-WB, and NB) are designed to achieve different 

purposes; therefore, the workload distributions of these four policies should be different. 

We first performed a Levene test to do the manipulation check that should show all four 

approaches generate different workload distributions (per nurse per shift, 21 nurses, 56 
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shifts, 1176 nurses’ working records per dataset, 50 datasets with total 58800 nurse 

assignment records). Table 5 shows the results of this test.  

Test of Homogeneity of Variances 

Levene Statistic df1 df2 Sig. 

5375.601 3 58796 .000*** 

Table 5: Levene Test of Initial Results 

 

For the approach variable, the F value for Levene’s test is F(3, 58796) = 5375.601, 

(p=.000). We reject the null hypothesis of equality of variance (p < .05) among four 

different policies, i.e., the assumption of homogeneity of variance is not met. 

The p-value (.000) less than .05 in Table 5 indicates equal variance assumption is 

violated, hence we need to use an adjusted F-statistic. “The F test is fairly robust against 

inequality of variances if the sample sizes are equal, although the chance increases of 

incorrectly reporting a significant difference in the means when none exists” (Statguide, 

1997). We use Welch ANOVA instead of a one-way ANOVA because the Welch test is 

more powerful and conservative than the Brown-Forsythe adjusted F statistic. 

Robust Tests of Equality of Means 

 Statistica df1 df2 Sig. 

Welch 9324.615 3 28728.049 .000*** 

Brown-

Forsythe 

6123.720 3 40215.722 .000*** 

a. Asymptotically F distributed. 

Table 6: Welch ANOVA Result of Initial Results 

 

Using the Welch statistic (shown in Table 6), we find that F(3, 28728.049) = 

9364.615, p =.000. We conclude that the adjusted F ratio is significant (p < .05). We reject 

the null hypothesis and proceed to compare the Post hoc approaches means. Post hoc 

comparisons using the Tukey HSD resulted in mean and standard deviation values for each 
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method as follows: WB (M = 0.07, SD = 0.08); CC-WB (M = 0.17, SD = 0.16); CC (M = 

0.37, SD = 0.29); and NB (M = 0.33, SD = 0.25). The test results indicate that each method 

produces output that differs significantly from all other methods (p =.000, p < 0.05 for all 

method comparisons). The Tukey results demonstrate the differentiation of results, which 

allows us to proceed to consider the implications of these results. 

We present the AAI and PCC results in Table 7 for our four methods of interest 

(WB, CC-WB, CC, and NB), as well as standard deviation for AAI for all methods.  We 

consider the goal of acuity balance, continuity of care, and the tradeoffs between these 

goals. The AAI metric represents the sum of all acuity imbalances (difference from average 

for each nurse in a shift) across all shifts, we use this metric to demonstrate the accumulated 

effects in terms of workload imbalance over time.   

We also provide a standard deviation of acuity imbalance for each method to 

demonstrate the relative stability of acuity imbalance provided by each method.  This is 

not strictly the SD for AAI since we have only one value of AAI for each simulated data 

set (50 values). Rather, this SD value is calculated for the acuity imbalance per nurse per 

shift over a set of 50 datasets, each with 56 shifts. This gives us a much more robust sense 

of the acuity imbalance stability of each method.  

Method AAI  SD PCC 

WB 21.56 0.08 17.28% 

CC-WB  51.26 0.16 59.33% 

CC 108.23 0.29 58.83% 

NB 96.09 0.25 19.44% 

Table 7: AAI and PCC Performance for Simple Heuristic Methods 

As expected, the WB method clearly provides the best workload balance based on 

acuity, with the lowest AAI result of 21.56. The NB case, with AAI of 96.09, is a neutral 
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case, representing neither quantitative nor qualitative goals, and therefore represents a 

natural counterpoint to the WB method, i.e., it defines a natural opposite “endpoint” to 

define a range of AAI values for our analysis. This provides an AAI range of 74.53 between 

the acuity-minimizing case (WB) and the NB case. The WB and Cen methods produced 

PCC results of 17.28% and 19.44%, respectively. As expected, even without incorporating 

prior relationships into decision-making, these methods produced some assignments that 

match prior-care relationships. 

The CC and CC-WB methods provide the highest PCC performance (58.83% and 

59.33% respectively). CC has the worst worse AAI (AAI = 108.23; PCC = 58.83%) and 

demonstrates the effect of maximizing prior-care assignments without incorporating a 

workload balance goal, clearly showing a tradeoff between the two performance goals. In 

fact, CC generates an AAI result that produces significantly greater acuity imbalance than 

an NB policy. Forcing continuity of care based on prior assignments further exacerbates 

the imbalance in workload distribution based on WB policy.  

CC-WB enables similar PCC with a significant reduction in workload imbalance 

(AAI of 51.26). The tradeoff still exists. The CC-WB method provides a substantial 

increase in the relationship-based assignment (PCC of 59.33% for CC-WB and 17.28% for 

WB), for a penalty/tradeoff in acuity imbalance (AAI of 51.26 for CC-WB and 21.56 for 

WB). 

To explore the performance of the CC-WB heuristic, we calculate the usage of 

continuity of care. The average total potential continuity of care relationship is 1031.84 

among all 50 datasets. The actual usage of continuity of care relationship is 944.50 among 
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all 50 datasets, 91.54% of the potential usage. The remaining unused continuity of care 

contained (8.46%) two parts: 44.56 (4.32%) unused continuity of care relationship 

(multiple nurses cared one patient before, we could only choose one care relationship and 

unselected other existed relationships); 42.78 (4.14%) discarded continuity of care 

relationship (one nurse cared one patient before, but based on N-P Ratio, workload balance 

among all nurses, these care relationship could not be used, and these patients have to be 

assigned based on workload). 

To summarize the results, when compared with the WB method that showed the 

best performance in terms of acuity imbalance, our CC-WB method offered a tradeoff 

between workload balance (51.26 AAI of CC-WB policy versus 21.56 AAI of WB policy) 

and continuity of care (59.33% PCC of CC-WB policy versus 17.28% PCC of WB policy). 

In the following section, we explore the benefits of using a more complex model to break 

the tradeoff. 

Acuity Threshold Policy  

In this section, we consider an improvement to the hybrid model, based on the use 

of an acuity threshold, relaxing the goal of maximizing continuity of care assignment. The 

acuity threshold 𝑑 provides a means of controlling the extent to which we apply the 

continuity-based assignment, targeting customers based on acuity to break the tradeoff 

between efficiency and service (Frei, 2006). We first explore the impact on AAI and PCC 

as we vary the acuity threshold 𝑑 from 𝑑 = 0 to 𝑑 = 1.0, where 𝑑 = 0 represents the CC-

WB case where the relationship-based assignment is maximized, and 𝑑 = 1 represents the 

WB case, where all patients are assigned to nurses based on minimizing accumulated acuity 
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imbalance. By prioritizing higher-acuity patients for the relationship-based assignment we 

attempt to provide the benefits of continuity of care to those patients with the greatest needs 

since their tasks are more complex and they need more care than low acuity patients 

(Stanton and Stanton, 2004). We then analyze the sensitivity of results to cases where we 

vary key assumptions, namely the distribution of patient’s acuity, shift length, the nurse-

patient, skill-matching requirements and the possibility of adding nurses from a resource 

pool to avoid overtime. 

Results for Acuity Threshold Policy 

The baseline experimental results show a clear tradeoff between AAI and PCC in Table 8. 

To alleviate such tradeoff, we consider the use of an acuity threshold. We vary the acuity 

threshold 𝑑 from 𝑑 = 0 to 𝑑 = 1.0, where 𝑑 = 0 represents the CC-WB case, and 𝑑 = 1 

represents the WB case. Patient acuity scores vary between [1.0…0.0], so testing larger or 

smaller threshold values would be unlikely to provide further illumination. We change in 

the plot PCC for P-NCC (percentage of non-continuity of care, each equals 1-PCC) for 

ease of illustration of results, without loss of rigor. 
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Threshold value AAI  PCC P-NCC 

(Plotting 

purpose) 

d=1.0 (WB) 21.56 17.28% 82.72% 

d=0.9 21.65 17.95% 82.05% 

d=0.8 21.87 19.09% 80.91% 

d=0.7 22.16 20.71% 79.29% 

d=0.6 23.66 27.78% 72.22% 

d=0.5 27.94 38.74% 61.26% 

d=0.4 33.28 49.52% 50.48% 

d=0.3  38.98 55.77% 44.23% 

d=0.2 42.36 57.29% 42.71% 

d=0.1  47.72 58.53% 41.47% 

d=0 (CC-WB) 51.26 59.33% 40.67% 

 Table 8: AAI and PCC Performance for Acuity Threshold Policy 

 

As shown in Figure 2, the extreme cases of 𝑑 = 0 representing the CC-WB case 

offers the solution with the lowest P-NCC and highest AAI, whereas 𝑑 = 1 represents the 

WB case offer the lowest AAI with P-NCC being the highest. Variations of the acuity 

threshold move the solution along the tradeoff frontier with increments of d decreasing 

work imbalance but increasing the P-NCC.  
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Figure 2: AAI Vs P-NCC for Baseline Case 

 

We conduct a numerical analysis of the solution based on a preference model in 

which we provided weight 1 for the objective of minimizing AAI and weight 2 for the 

objective of minimizing P-NCC in Table 9. We then identify the “best solution” among 

all the thresholds with different combinations of preference weights for AAI and P-NCC. 

We provided detailed analytics in Table 9. 

 

Table 9: Preference Model for Baseline Case 

 

d=1.0 (WB)

d=0.0 (CC-WB)
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Basic case

W1 for AAI W2 for P-NCC MIN OF d=1 MIN OF d=0.9 MIN OF d=0.8 MIN OF d=0.7 MIN OF d=0.6 MIN OF d=0.5 MIN OF d=0.4 MIN OF d=0.3 MIN OF d=0.2 MIN OF d=0.1 MIN OF d=0

AAI 21.56 21.65 21.87 22.16 23.66 27.94 33.28 38.98 42.36 47.72 51.26

P-NCC 82.72 82.05 80.91 79.29 72.22 61.26 50.48 44.23 42.71 41.47 40.67

0 1 82.72 82.05 80.91 79.29 72.22 61.26 50.48 44.23 42.71 41.47 40.67

0.1 0.9 76.60 76.01 75.01 73.58 67.36 57.93 48.76 43.71 42.68 42.10 41.73

0.15 0.85 73.55 72.99 72.05 70.72 64.94 56.26 47.90 43.44 42.66 42.41 42.26

0.2 0.8 70.49 69.97 69.10 67.86 62.51 54.60 47.04 43.18 42.64 42.72 42.79

0.25 0.75 67.43 66.95 66.15 65.01 60.08 52.93 46.18 42.92 42.62 43.03 43.32

0.3 0.7 64.37 63.93 63.20 62.15 57.65 51.26 45.32 42.66 42.61 43.35 43.85

0.35 0.65 61.31 60.91 60.25 59.29 55.22 49.60 44.46 42.39 42.59 43.66 44.38

0.4 0.6 58.26 57.89 57.29 56.44 52.80 47.93 43.60 42.13 42.57 43.97 44.91

0.45 0.55 55.20 54.87 54.34 53.58 50.37 46.27 42.74 41.87 42.55 44.28 45.44

0.5 0.5 52.14 51.85 51.39 50.73 47.94 44.60 41.88 41.61 42.54 44.60 45.97

0.55 0.45 49.08 48.83 48.44 47.87 45.51 42.93 41.02 41.34 42.52 44.91 46.49

0.6 0.4 46.02 45.81 45.49 45.01 43.08 41.27 40.16 41.08 42.50 45.22 47.02

0.65 0.35 42.97 42.79 42.53 42.16 40.66 39.60 39.30 40.82 42.48 45.53 47.55

0.7 0.3 39.91 39.77 39.58 39.30 38.23 37.94 38.44 40.56 42.47 45.85 48.08

0.75 0.25 36.85 36.75 36.63 36.44 35.80 36.27 37.58 40.29 42.45 46.16 48.61

0.8 0.2 33.79 33.73 33.68 33.59 33.37 34.60 36.72 40.03 42.43 46.47 49.14

0.85 0.15 30.73 30.71 30.73 30.73 30.94 32.94 35.86 39.77 42.41 46.78 49.67

0.9 0.1 27.68 27.69 27.77 27.87 28.52 31.27 35.00 39.51 42.40 47.10 50.20

1 0 21.56 21.65 21.87 22.16 23.66 27.94 33.28 38.98 42.36 47.72 51.26
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We transfer the preferences table (Table 9) into the threshold figure (Figure 3) by 

connecting all suggest preferences point of each weight pair. Here, we first provide 

different weights for AAI (W1) and P-NCC (W2) pair. We then calculate the preferences 

use AAI*W1 + P-NCC*W2. We capture the lowest points of (AAI+P-NCC) for each 

weight pair which represents the preferred points. 

 

Figure 3: Best Acuity Threshold based on Preference Weight 

 

Figure 3 is a simplification of Table 9, in which we transfer the green points of the 

preference table into a curve. The boxed area in the top part of Figure 4 [A] shows P-NCC 

from 1.0 to 0.5. This shows preferences in the context of an already strong preference for 

continuity, which is not what we are interested in. 
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Figure 4: [A] High Weight Area for P-NCC; [B] Example Horizontal Run 

 

In Figure 4 [B], we show only the bottom half of the plot, up to P-NCC 0.5. This 

is the area of our interest, where we can look at preferences for high weight on AAI. In 

these range of weights, we want to choose a value for d to represent both minimizations of 

both workload imbalance and percentage of non-continuity of care. That is, the suggested 

threshold should be close to 0 in Y-axis for greater weight on AAI, and the value of d 

should be as low as possible to maximize the number of patients assigned based on care 

relationships. To achieve these two goals, we want to have the range of the curve with a 

large variation on the horizontal axis and little change on the vertical axis. Based on Figure 

4 [B], we concentrate on the curve from (𝑑 =0.9 to 𝑑 =0.6). At the low end of this range 

where 𝑑 = 0.6, we get many patients involved in the continuity of care for little increase of 

workload imbalance (captured in the lower preference point number) at a very high weight 

of AAI preference.   

 

Model Sensitivity Analysis Results 

Following the main experimental evaluation, we conducted additional studies to 

understand the sensitivity of our acuity-threshold model to key assumptions related to 



 

45 

 

organizational and contextual factors that may vary across hospital units. We consider 

five different cases, the distribution of patient’s acuity level, the nurse shift length, the 

nurse-to-patient ratio, patients with special care needs, and hard constraints on the nurse-

patient ratio while allowing temporary nurses to be drawn from a nurse pool. 

The summary of our five different cases are shown below in Table 10:  

Environment factors 

Case1: Acuity distribution change 

1. Left skewed 15% observation unit  

2. Normal distribution general medical unit (baseline case) 

3. Right skewed 15% post-surgery unit  

Case 2: Nurse schedule change 

1. 12 hours shift 56 shifts in 4 weeks (baseline case) 

2. 8 hours shift 84 shifts in 4 weeks 

Case 3: N-P Ratio change 

1. 1 nurse care 3 patients per shift 

2. 1 nurse care 6 patients per shift (baseline case) 

3. 1 nurse care 9 patients per shift 

Case 4: Patient’s with special requirement  

1. No special requirement (baseline case) 

2. 20% patient with requirement, 40% nurse with skill 

Case 5: Add nurses from pool if N-P Ratio exceed 6 

1. Additional nurses added from pool with some shifts 

2. Normal distribution general medical unit (baseline case) 

Table 10: Summary of 5 Different Environment Cases 
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Case1: Acuity Distribution Change  

Left Skewed Case 

We shift the patients’ acuity from normal distribution general inpatient unit to left 

skewed distribution around 15% (e.g., Obstetrics unit) with a mean of 0.35 (acuity scores 

fall in the range [0…1.0]).  

The average total potential continuity of care relationship is 1032.50 among all 50 

datasets. The actual usage of continuity of care relationship is 944.42 among all 50 

datasets. We use the actual usage divided by the total potential to get the usage of 

continuity of care. The actual usage of continuity of care among 50 datasets is 91.46%. 

The remaining unused continuity of care contained (8.53%) two parts: 44.56 (4.32%) 

unused continuity of care relationship (multiple nurses cared one patient before, we could 

only choose one care relationship and unselected other existed relationships); 43.52 

(4.22%) discarded continuity of care relationship (one nurse cared one patient before, but 

based on N-P Ratio, workload balance among all nurses, these care relationship could not 

be used, and these patients have to be assigned based on workload). 
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Method AAI  P-NCC 

d=1.0 (WB) 13.97 82.70% 

d=0.9 13.97 82.66% 

d=0.8 13.98 82.23% 

d=0.7 14.57 81.44% 

d=0.6 15.73 79.73% 

d=0.5 17.82 77.19% 

d=0.4 21.72 68.67% 

d=0.3  29.86 54.04% 

d=0.2 36.09 45.23% 

d=0.1  41.90 42.09% 

d=0 (CC-WB) 45.79 40.73% 

Table 11: AAI Vs P-NCC for Left 15% 

 Based on Table 11, the whole trend of AAI vs P-NCC for left 15% case move to 

left compares to the baseline case, which means lower AAI range along with similar P-

NCC. We conduct Table 11 to a numerical analysis of the solution (Table 12) based on a 

preference model in which we provided weight 1 for the objective of minimizing AAI and 

weight 2 for the objective of minimizing P-NCC. 

 

Table 12: Preference Model for Left 15% Case 

 

From Table 12, we could see two major different preference changes over time. 

When we put a preference for AAI (1.0) and preference for P-NCC (0.0), the “best 

solution” for 𝑑 is 1.0. When we put a preference for AAI (from 0.9 to 0.65) and preference 

W1 for AAI W2 for P-NCC MIN OF d=1 MIN OF d=0.9 MIN OF d=0.8 MIN OF d=0.7 MIN OF d=0.6 MIN OF d=0.5 MIN OF d=0.4 MIN OF d=0.3 MIN OF d=0.2 MIN OF d=0.1 MIN OF d=0

AAI 13.97 13.97 13.98 14.57 15.73 17.82 21.72 29.86 36.09 41.90 45.79

P-NCC 82.70 82.66 82.23 81.44 79.73 77.19 68.67 54.04 45.23 42.09 40.73

0 1 82.70 82.66 82.23 81.44 79.73 77.19 68.67 54.04 45.23 42.09 40.73

0.1 0.9 75.83 75.80 75.41 74.75 73.33 71.25 63.97 51.62 44.32 42.07 41.23

0.15 0.85 72.39 72.36 71.99 71.41 70.13 68.28 61.62 50.41 43.86 42.06 41.49

0.2 0.8 68.95 68.93 68.58 68.07 66.93 65.31 59.28 49.20 43.40 42.05 41.74

0.25 0.75 65.52 65.49 65.17 64.72 63.73 62.35 56.93 47.99 42.95 42.04 41.99

0.3 0.7 62.08 62.06 61.76 61.38 60.53 59.38 54.58 46.78 42.49 42.03 42.24

0.35 0.65 58.64 58.62 58.34 58.04 57.33 56.41 52.24 45.58 42.03 42.02 42.50

0.4 0.6 55.21 55.19 54.93 54.69 54.13 53.44 49.89 44.37 41.58 42.01 42.75

0.45 0.55 51.77 51.75 51.52 51.35 50.93 50.47 47.54 43.16 41.12 42.00 43.00

0.5 0.5 48.33 48.32 48.11 48.01 47.73 47.50 45.19 41.95 40.66 41.99 43.26

0.55 0.45 44.90 44.88 44.69 44.66 44.53 44.54 42.85 40.74 40.21 41.98 43.51

0.6 0.4 41.46 41.45 41.28 41.32 41.33 41.57 40.50 39.53 39.75 41.97 43.76

0.65 0.35 38.02 38.02 37.87 37.98 38.13 38.60 38.15 38.32 39.29 41.96 44.02

0.7 0.3 34.59 34.58 34.46 34.63 34.93 35.63 35.81 37.12 38.83 41.95 44.27

0.75 0.25 31.15 31.15 31.04 31.29 31.73 32.66 33.46 35.91 38.38 41.95 44.52

0.8 0.2 27.71 27.71 27.63 27.95 28.53 29.69 31.11 34.70 37.92 41.94 44.77

0.85 0.15 24.28 24.28 24.22 24.60 25.33 26.73 28.76 33.49 37.46 41.93 45.03

0.9 0.1 20.84 20.84 20.81 21.26 22.13 23.76 26.42 32.28 37.01 41.92 45.28

1 0 13.97 13.97 13.98 14.57 15.73 17.82 21.72 29.86 36.09 41.90 45.79
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for P-NCC (from 0.1 to 0.35), the “best solution” for 𝑑 is 0.8 and skipped solution in 0.9. 

When we put a preference for AAI (from 0.6 to 0.0) and preference for P-NCC (from 0.4 

to 1.0), the range of “best solution” for 𝑑 is 0.3 to 1.0 and skipped solutions from 0.7 to 

0.4.  

Since patients’ acuities are more left skewed which means most patients have lower 

acuity scores and could be assigned easier in each shift. Therefore, the WB function has an 

important impact on the assignment (6 “best solution” concentered on 𝑑 = 0.8). The CC 

function begins to play an important role while “most” weight preferences are put on P-

NCC since the natural patients’ acuity setting is easy to be fairly assigned (11 “best 

solution” equally distributed from 𝑑 = 0.6 to 0.0). Compared to the basic (normal 

distribution) case, the range of “best solution” for Left 15% Case is narrower (i.e., 19 

equally distributed from 𝑑 = 1.0 to 𝑑 = 0.0 with 0.8, 0.7, and 0.1 skipped for baseline 

case vs more left skewed, i.e., 6 concentered on 0.8 and right skewed i.e., 12 concentered 

from 0.3 to 0.0 with 0.9, 0.7, 0.6, 0.5, and 0.4 skipped.  

Right Skewed Case 

We shift patients’ acuity from normal distribution general inpatient unit to right 

skewed distribution around 15% (e.g., Medical-Surgical unit) with a mean of 0.64 (acuity 

scores fall in the range [0…1.0]).  

The average total potential continuity of care relationship is 1031.38 among all 50 

datasets. The actual usage of continuity of care relationship is 944.58 among all 50 

datasets. We use the actual usage divided by the total potential to get the usage of 

continuity of care. The actual usage of continuity of care among 50 datasets is 91.58%. 
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The remaining unused continuity of care contained (8.42%) two parts: 44.04 (4.27%) 

unused continuity of care relationship (multiple nurses cared one patient before, we could 

only choose one care relationship and unselected other existed relationships); 42.76 

(4.15%) discarded continuity of care relationship (one nurse cared one patient before, but 

based on N-P Ratio, workload balance among all nurses, these care relationship could not 

be used, and these patients have to be assigned based on workload). 

Method AAI  P-NCC 

d=1.0 (WB) 33.37 82.76% 

d=0.9 33.17 80.97% 

d=0.8 32.55 77.78% 

d=0.7 31.78 68.53% 

d=0.6 32.34 54.05% 

d=0.5 33.16 45.75% 

d=0.4 34.83 43.58% 

d=0.3  38.81 42.13% 

d=0.2 43.91 41.20% 

d=0.1  46.53 40.69% 

d=0 (CC-WB) 46.53 40.69% 

Table 13: AAI Vs P-NCC for Right 15% 

Based on Table 13, the whole trend of AAI vs P-NCC for right 15% case move to 

right compare to the baseline case, which means higher AAI range along with similar P-

NCC. We conduct to a numerical analysis of the solution based on a preference model in 

Table 14, which we provided weight 1 for the objective of minimizing AAI and weight 2 

for the objective of minimizing P-NCC. 
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Table 14: Preference Model for Right 15% Case 

 

 

Summary of Distribution Cases 

We report results where we shift patient’s acuity from normal distribution general 

inpatient unit to left and right skewed distribution. Figure 5 is a simplification of Table 

12 and Table 14, in which we transfer the green points of the preference table into a 

curve. Based on the similar logic in Figure 4 [B], we show only the bottom half of the 

plot, up to P-NCC 0.5 in Figure 5.  Compared with the baseline case (normal 

distribution), the left-skewed solution moved to the left, which means lower AAI range 

along with similar P-NCC. The right-skewed solution shows an interesting result, which 

is from 𝑑 =0.7 to 𝑑 =0.5 we get increments of PCC without a significant penalty of AAI 

because most of the patients are high acuity and the initial AAI is high. 

W1 for AAI W2 for P-NCC MIN OF d=1 MIN OF d=0.9 MIN OF d=0.8 MIN OF d=0.7 MIN OF d=0.6 MIN OF d=0.5 MIN OF d=0.4 MIN OF d=0.3 MIN OF d=0.2 MIN OF d=0.1 MIN OF d=0

AAI 33.37 33.17 32.55 31.78 32.34 33.16 34.83 38.81 43.91 46.53 46.53

P-NCC 82.76 80.97 77.78 68.53 54.05 45.75 43.58 42.13 41.20 40.69 40.69

0 1 82.76 80.97 77.78 68.53 54.05 45.75 43.58 42.13 41.20 40.69 40.69

0.1 0.9 77.82 76.19 73.26 64.86 51.88 44.49 42.71 41.80 41.47 41.27 41.27

0.15 0.85 75.35 73.80 71.00 63.02 50.79 43.86 42.27 41.63 41.60 41.56 41.56

0.2 0.8 72.88 71.41 68.73 61.18 49.71 43.23 41.83 41.47 41.74 41.85 41.85

0.25 0.75 70.41 69.02 66.47 59.34 48.62 42.60 41.39 41.30 41.88 42.15 42.15

0.3 0.7 67.94 66.63 64.21 57.51 47.54 41.97 40.96 41.14 42.01 42.44 42.44

0.35 0.65 65.47 64.24 61.95 55.67 46.45 41.34 40.52 40.97 42.15 42.73 42.73

0.4 0.6 63.00 61.85 59.69 53.83 45.36 40.71 40.08 40.80 42.28 43.02 43.02

0.45 0.55 60.53 59.46 57.43 51.99 44.28 40.08 39.64 40.64 42.42 43.32 43.32

0.5 0.5 58.06 57.07 55.16 50.16 43.19 39.45 39.20 40.47 42.55 43.61 43.61

0.55 0.45 55.59 54.68 52.90 48.32 42.11 38.83 38.77 40.31 42.69 43.90 43.90

0.6 0.4 53.12 52.29 50.64 46.48 41.02 38.20 38.33 40.14 42.83 44.19 44.19

0.65 0.35 50.65 49.90 48.38 44.64 39.94 37.57 37.89 39.98 42.96 44.48 44.48

0.7 0.3 48.19 47.51 46.12 42.81 38.85 36.94 37.45 39.81 43.10 44.78 44.78

0.75 0.25 45.72 45.12 43.86 40.97 37.77 36.31 37.02 39.64 43.23 45.07 45.07

0.8 0.2 43.25 42.73 41.59 39.13 36.68 35.68 36.58 39.48 43.37 45.36 45.36

0.85 0.15 40.78 40.34 39.33 37.29 35.59 35.05 36.14 39.31 43.51 45.65 45.65

0.9 0.1 38.31 37.95 37.07 35.46 34.51 34.42 35.70 39.15 43.64 45.94 45.94

1 0 33.37 33.17 32.55 31.78 32.34 33.16 34.83 38.81 43.91 46.53 46.53
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Figure 5: Example Horizontal Run of Case 1 

 

In Figure 5, we concentrate on the curve from (𝑑 =1.0 to 𝑑 = 0.8) for the left 

skewed 15% case. Since patients’ acuities are more left skewed (which means most patients 

have lower acuity score), they are easier to be assigned based on acuity balance in each 

shift. Therefore, the weight of AAI has an important impact on the assignment 

(concentrated on d =1.0 to d = 0.8). At the low end of this range where 𝑑 = 0.8, we get 

many patients involved in the continuity of care for little increase of workload imbalance 

(captured in the lower preference point number) at a very high weight of AAI preference.   

Different from the left skewed case, we concentrate on the curve from (𝑑 =0.7 to 

𝑑 = 0.5) for the right skewed 15% case in Figure 5. Since patients’ acuities are right 

skewed, which means most patients have high acuity score, we tend to have higher AAI 

imbalance compared to the baseline case (i.e., the start point of the right-skewed curve is 

0.7 compare to the 0.9 of the baseline and 1.0 of left skewed curves). Hence, it is 

advantageous to start at a lower threshold, but requires a greater preference for P-NCC to 
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shift the threshold. At the low end of this range where 𝑑 = 0.5, we get many patients 

involved in the continuity of care for little increase of workload imbalance (captured in the 

lower preference point number) at a very high weight of AAI preference.   

Case 2: Nurse Schedule Change  

Secondly, we consider variations in the length of the nurse-shift going from 12-hour to 8-

hour shift (three shifts per day). In this model, the patient’s length of stay is 

proportionally adjusted, and the patient’s acuity is generated from the normal distribution 

over the larger number of shifts. The nurse allocated to shifts is also adjusted in 

proportion to the shift length; nurses still work for 40 hours per week and do not work 

multiple shifts in a row.  

The average total potential continuity of care relationship is 2035.96 among all 50 

datasets. The actual usage of continuity of care relationship is 1475.06 among all 50 

datasets. We use the actual usage divided by the total potential to get the usage of 

continuity of care. The actual usage of continuity of care among 50 datasets is 72.45%. 

The remaining unused continuity of care contained (27.55%) two parts: 500.88 (24.60%) 

unused continuity of care relationship (multiple nurses cared one patient before, we could 

only choose one care relationship and unselected other existed relationships) (in this case, 

nurse will have much higher percentage to meet the same patients they used to care 

before, and there are lots of cases two or more nurses have care relationship with patients 

in current shift since patients remain 180 for 8 hours shift in 1 month, patients length of 

stay increased to range 6 shifts to 30 shifts distributed normally around a mean of 12.09, 

nurse work 33% more shifts per week (from 3 shifts to 5 shifts per week), and total shifts 
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changed from 54 to 81 (shifts changed from 12 hours to 8 hours,  60.02 (2.95%) 

discarded continuity of care relationship (one nurse cared one patient before, but based on 

N-P Ratio, workload balance among all nurses, these care relationship could not be used, 

and these patients have to be assigned based on workload). 

Method AAI  P-NCC 

d=1.0 (WB) 31.84 76.17% 

d=0.9 31.97 75.31% 

d=0.8 32.41 74.38% 

d=0.7 32.45 72.95% 

d=0.6 34.20 66.94% 

d=0.5 40.29 57.36% 

d=0.4 48.53 47.91% 

d=0.3  58.52 42.49% 

d=0.2 64.86 41.04% 

d=0.1  70.57 39.96% 

d=0 (CC-WB) 77.02 39.33% 

Table 15: AAI Vs P-NCC for 8 hours shift 

 

Based on Table 15, the whole trend of AAI vs P-NCC for 8 hours shift case does 

not change significantly compared to the baseline case. The performance in terms of P-

NCC does not change significantly, while nurses will have much higher percentage to meet 

the same patients they used to care before, there are many cases two or more nurses have 

care relationship with patients in the current shift and the usage of potential relationships 

is lower. Yet the AAI becomes higher, which represents greater work imbalance, because 

nurses work more frequently, and we are adding more shifts during the simulation period 

(4 weeks). The overall performance of 8 hours shift case shows a little higher AAI range 

along with similar P-NCC. We did not provide the table of preference here since the overall 

performance between baseline case and 8 hours shift is not significantly different. We only 

provided Figure 6 here to show how 8 hours curve is similar to the baseline curve. 
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Figure 6: Example Horizontal Run of Case 2 

 

Similar to the baseline case, the concentrated choices of 8 hours shift case are 

shown from 𝑑 = 0.9 until 𝑑 = 0.6 in Figure 6. Compare to the baseline case, the 8 hours 

shift creates more shifts for nurses to care patients, which did not impact the assignment 

results for workload balance. Therefore, the results of the 8 hours shift did not show 

significantly different compared to the baseline case. 

Case 3: N-P Ratio change 

Our base model assumes an N-P Ratio of 6 patients per nurse per shift. We now allow N-

P Ratio to vary, with both higher patient loads (1:9) and lower loads (1:3). When N-P 

Ratio equals 3, the patient number will remain 180 but the number of nurses will increase 

from 21 to 42 in order to reach one nurse cares 3 patients. Most nurses work consecutive 

3 days (41.24%) or 4 days (40.21%) per week, due to the complexity of scheduling the 

percentage of nurses working isolated shifts increased. Similarly, when N-P Ratio is 9 

patients per nurse per shift, the number of nurses will decrease from 21 to 14 in order to 
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reach one nurse cares 9 patients. Still, as in the baseline case, each nurse will work 14 

days per month in each case. 

N-P Ratio changes from 6 to 3 

We shift N-P Ratio 6 patients per nurse per shift to 3 patients per nurse per shift 

with normal distribution with a mean of 0.50 (acuity scores fall in the range [0…1.0]).  

Most nurses work consecutive 3 days (41.24%) or 4 days (40.21%) per week, fewer 

nurses (18.56%) (due to the complexity of schedule, nurse work isolated shifts increased) 

work isolated days on or day off, each nurse will work 14 days per month which fit the 

real nurse scheduling (Azaiez and Al Sharif, 2005).  

The average total potential continuity of care relationship is 1056.46 among all 50 

datasets. The actual usage of continuity of care relationship is 873.20 among all 50 

datasets. We use the actual usage divided by the total potential to get the usage of 

continuity of care. The actual usage of continuity of care among 50 datasets is 82.65%. 

The remaining unused continuity of care contained (17.35%) two parts: 84.08 (7.96%) 

unused continuity of care relationship (multiple nurses cared one patient before, we could 

only choose one care relationship and unselected other existed relationships); 99.18 

(9.39%) discarded continuity of care relationship (one nurse cared one patient before, but 

based on N-P Ratio, workload balance among all nurses, these care relationship could not 

be used, and these patients have to be assigned based on workload). 
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Method AAI  P-NCC 

d=1.0 (WB) 31.84 76.17% 

d=0.9 31.97 75.31% 

d=0.8 32.41 74.38% 

d=0.7 32.45 72.95% 

d=0.6 34.20 66.94% 

d=0.5 40.29 57.36% 

d=0.4 48.53 47.91% 

d=0.3  58.52 42.49% 

d=0.2 64.86 41.04% 

d=0.1  70.57 39.96% 

d=0 (CC-WB) 77.02 39.33% 

     Table 16: AAI Vs P-NCC for N-P Ratio 3 

Based on Table 16, the whole trend of AAI vs P-NCC for N-P Ratio 3 case move 

to right compare to the baseline case, which means higher AAI range along with similar P-

NCC. We conduct to a numerical analysis of the solution based on a preference model in 

Table 17, which we provided weight 1 for the objective of minimizing AAI and weight 2 

for the objective of minimizing P-NCC. 

 

Table 17: Preference Model for N-P Ratio 3 Case 

 

N-P Ratio Changes from 6 to 9 

We shift N-P Ratio 6 patients per nurse per shift to 9 patients per nurse per shift 

with normal distribution with a mean of 0.50 (acuity scores fall in the range [0…1.0]). 

W1 for AAI W2 for P-NCC MIN OF d=1 MIN OF d=0.9 MIN OF d=0.8 MIN OF d=0.7 MIN OF d=0.6 MIN OF d=0.5 MIN OF d=0.4 MIN OF d=0.3 MIN OF d=0.2 MIN OF d=0.1 MIN OF d=0

AAI 48.98 49.14 49.70 50.27 51.55 53.02 51.99 55.86 60.43 64.61 68.39

P-NCC 91.09 90.24 88.66 86.49 78.16 66.09 54.78 48.66 47.03 45.91 45.15

0 1 91.09 90.24 88.66 86.49 78.16 66.09 54.78 48.66 47.03 45.91 45.15

0.1 0.9 86.88 86.13 84.77 82.87 75.50 64.78 54.50 49.38 48.37 47.78 47.47

0.15 0.85 84.77 84.08 82.82 81.06 74.17 64.13 54.36 49.74 49.04 48.71 48.63

0.2 0.8 82.67 82.02 80.87 79.25 72.84 63.47 54.22 50.10 49.71 49.65 49.80

0.25 0.75 80.56 79.97 78.92 77.43 71.51 62.82 54.08 50.46 50.38 50.58 50.96

0.3 0.7 78.46 77.91 76.97 75.62 70.18 62.17 53.94 50.82 51.05 51.52 52.12

0.35 0.65 76.35 75.86 75.02 73.81 68.85 61.51 53.80 51.18 51.72 52.45 53.28

0.4 0.6 74.24 73.80 73.08 72.00 67.51 60.86 53.66 51.54 52.39 53.39 54.45

0.45 0.55 72.14 71.75 71.13 70.19 66.18 60.21 53.52 51.90 53.06 54.32 55.61

0.5 0.5 70.03 69.69 69.18 68.38 64.85 59.55 53.38 52.26 53.73 55.26 56.77

0.55 0.45 67.93 67.63 67.23 66.57 63.52 58.90 53.24 52.62 54.40 56.19 57.93

0.6 0.4 65.82 65.58 65.28 64.76 62.19 58.25 53.10 52.98 55.07 57.13 59.09

0.65 0.35 63.72 63.52 63.33 62.95 60.86 57.59 52.96 53.34 55.74 58.06 60.26

0.7 0.3 61.61 61.47 61.39 61.13 59.53 56.94 52.82 53.70 56.41 59.00 61.42

0.75 0.25 59.50 59.41 59.44 59.32 58.20 56.28 52.69 54.06 57.08 59.93 62.58

0.8 0.2 57.40 57.36 57.49 57.51 56.87 55.63 52.55 54.42 57.75 60.87 63.74

0.85 0.15 55.29 55.30 55.54 55.70 55.54 54.98 52.41 54.78 58.42 61.80 64.90

0.9 0.1 53.19 53.25 53.59 53.89 54.21 54.32 52.27 55.14 59.09 62.74 66.07

1 0 48.98 49.14 49.70 50.27 51.55 53.02 51.99 55.86 60.43 64.61 68.39
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The patient number will remain 180 while the number of nurses will decrease from 21 to 

14 in order to reach one nurse cares 9 patients. Most nurses work consecutive 3 days 

(45.16%) or 4 days (45.16%) per week, fewer nurses (9.68%) (due to the complexity of 

schedule, nurse work isolated shifts increased) work isolated days on or day off, each 

nurse will work 14 days per month which fit the real nurse scheduling.  

The average total potential continuity of care relationship is 1033.28 among all 50 

datasets. The actual usage of continuity of care relationship is 944.76 among all 50 

datasets. We use the actual usage divided by the total potential to get the usage of 

continuity of care. The actual usage of continuity of care among 50 datasets is 91.43%. 

The remaining unused continuity of care contained (8.57%) two parts: 50.52 (4.89%) 

unused continuity of care relationship (multiple nurses cared one patient before, we could 

only choose one care relationship and unselected other existed relationships); 38.00 

(3.68%) discarded continuity of care relationship (one nurse cared one patient before, but 

based on N-P Ratio, workload balance among all nurses, these care relationship could not 

be used, and these patients have to be assigned based on workload). 

Method AAI  P-NCC 

d=1.0 (WB) 12.96 75.35% 

d=0.9 13.05 74.50% 

d=0.8 13.19 73.77% 

d=0.7 13.29 72.52% 

d=0.6 15.53 66.98% 

d=0.5 20.86 58.08% 

d=0.4 27.91 48.95% 

d=0.3  33.17 43.55% 

d=0.2 35.95 42.30% 

d=0.1  39.67 41.33% 

d=0 (CC-WB) 42.33 40.65% 

                           Table 18: AAI Vs P-NCC for N-P Ratio 9 
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Based on Table 18, the whole trend of AAI vs P-NCC for N-P Ratio 9 case move 

to left compare to the baseline case, which means lower AAI range along with similar P-

NCC. We conduct to a numerical analysis of the solution based on a preference model in 

Table 19, which we provided weight 1 for the objective of minimizing AAI and weight 2 

for the objective of minimizing P-NCC. 

 

Table 19: Preference Model for N-P Ratio 9 Case 

 

Summary of Distribution of N-P Ratio changes 

We report results where we shift N-P Ratio from six patients per nurse to three 

patients per nurse and nine patients per nurse. Figure 7 is a simplification of Table 17 

and Table 19, in which we transfer the green points of the preference table into a curve. 

Based on the similar logic in Figure 4 [B], we show only the bottom half of the plot, up 

to P-NCC 0.5 in Figure 7.  

Compared with the baseline case (six patients per nurse), the solution of N-P 

Ratio 3 has a significant increase in AAI due to the small number of patients per nurse. 

From d = 1.0 to d = 0.5 we get increments of PCC without a significant penalty of AAI, 

given that the initial AAI is high and the ability to decrease AAI is limited by the low 

W1 for AAI W2 for P-NCC MIN OF d=1 MIN OF d=0.9 MIN OF d=0.8 MIN OF d=0.7 MIN OF d=0.6 MIN OF d=0.5 MIN OF d=0.4 MIN OF d=0.3 MIN OF d=0.2 MIN OF d=0.1 MIN OF d=0

AAI 12.96 13.05 13.19 13.29 15.53 20.86 27.91 33.17 35.95 39.67 42.33

P-NCC 75.35 74.50 73.77 72.52 66.98 58.08 48.95 43.55 42.30 41.33 40.65

0 1 75.35 74.50 73.77 72.52 66.98 58.08 48.95 43.55 42.30 41.33 40.65

0.1 0.9 69.11 68.36 67.71 66.59 61.83 54.36 46.85 42.51 41.67 41.16 40.82

0.15 0.85 65.99 65.28 64.68 63.63 59.26 52.50 45.79 41.99 41.35 41.08 40.90

0.2 0.8 62.87 62.21 61.65 60.67 56.69 50.64 44.74 41.47 41.03 41.00 40.99

0.25 0.75 59.75 59.14 58.62 57.71 54.12 48.78 43.69 40.95 40.72 40.91 41.07

0.3 0.7 56.63 56.07 55.60 54.75 51.54 46.91 42.64 40.43 40.40 40.83 41.15

0.35 0.65 53.51 52.99 52.57 51.79 48.97 45.05 41.59 39.91 40.08 40.75 41.24

0.4 0.6 50.40 49.92 49.54 48.83 46.40 43.19 40.54 39.39 39.76 40.66 41.32

0.45 0.55 47.28 46.85 46.51 45.86 43.83 41.33 39.48 38.88 39.45 40.58 41.41

0.5 0.5 44.16 43.77 43.48 42.90 41.25 39.47 38.43 38.36 39.13 40.50 41.49

0.55 0.45 41.04 40.70 40.45 39.94 38.68 37.61 37.38 37.84 38.81 40.41 41.58

0.6 0.4 37.92 37.63 37.42 36.98 36.11 35.75 36.33 37.32 38.49 40.33 41.66

0.65 0.35 34.80 34.56 34.40 34.02 33.54 33.89 35.28 36.80 38.18 40.25 41.74

0.7 0.3 31.68 31.48 31.37 31.06 30.96 32.03 34.22 36.28 37.86 40.16 41.83

0.75 0.25 28.56 28.41 28.34 28.10 28.39 30.16 33.17 35.76 37.54 40.08 41.91

0.8 0.2 25.44 25.34 25.31 25.14 25.82 28.30 32.12 35.24 37.22 40.00 42.00

0.85 0.15 22.32 22.27 22.28 22.17 23.25 26.44 31.07 34.72 36.90 39.92 42.08

0.9 0.1 19.20 19.19 19.25 19.21 20.67 24.58 30.02 34.20 36.59 39.83 42.16

1 0 12.96 13.05 13.19 13.29 15.53 20.86 27.91 33.17 35.95 39.67 42.33
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number of patients per nurse. For N-P Ratio equal to 9 the solution curve is not 

significantly different from the baseline case, except the values for AAI are lower given 

that with a larger pool of patients per nurse we have greater opportunity to decrease work 

imbalance. 

 

Figure 7: Example Horizonal Run of Case 3 

 

In Figure 7, the N-P Ratio 3 curve on concentered from 𝑑 =1.0 to 𝑑 =0.8. In this 

case, one nurse will only care for three patients per shift, which is a little hard to achieve 

the workload balance.  Therefore, our concentration range (𝑑 =1.0 to 𝑑 =0.8) is smaller 

compare to baseline case (𝑑  =0.9 to 𝑑  =0.6) since we consider more about workload 

imbalance.  

Different from the N-P Ratio 3 curve, the N-P Ratio 9 curve on concentrated from 

𝑑 =0.9 to 𝑑 =0.7. In this case, one nurse will care for nine patients per shift, which is a little 

easy to achieve the workload balance.  Therefore, changes on the vertical axis (0.1-0.15) 

are smaller compared to the baseline case (0.15-0.20).  
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Case 4: Patient with Special Skill Requirement  

Fourth, we assumed in the baseline case that all nurses are interchangeable (i.e., no special 

skills are required for any patients). In reality, patients have special needs such as foreign 

language, care activities such as intubation, or other special treatments, and need to be 

matched to a nurse with matching skill. In this scenario, we consider only one special need 

among the patient census. The percentage of patients with special care needs is set at 20%. 

We set the percentage of nurses that have a matching skill at 40%, to ensure that the number 

of patients with the special requirement will be less than the number of skilled nurses. 

There is no correlation between special skills requirements and patient acuity. 

Method AAI  P-NCC 

d=1.0 (WB) 37.34 78.54% 

d=0.9 36.51 77.89% 

d=0.8 35.19 77.09% 

d=0.7 35.25 75.65% 

d=0.6 35.10 70.35% 

d=0.5 37.49 62.03% 

d=0.4 39.96 53.92% 

d=0.3  43.30 49.27% 

d=0.2 46.33 48.06% 

d=0.1  49.25 47.14% 

d=0 (CC-WB) 51.95 46.60% 

Table 20: AAI Vs P-NCC for Case 4 

 

Based on Table 20, the whole trend of AAI vs P-NCC for special requirement case 

does change significantly at the start point (from 1.0- 0.5) compare to the baseline case.  

We conduct a numerical analysis of the solution based on a preference model in Table 21, 

which we provided weight 1 for the objective of minimizing AAI and weight 2 for the 

objective of minimizing P-NCC. 
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Table 21: Preference Model for 20% Special Requirement Case 

 

Figure 8 is a simplification of Table 21, in which we transfer the green points of 

the preference table into a curve. Based on the similar logic in Figure 4 [B], we show 

only the bottom half of the plot, up to P-NCC 0.5 in Figure 8.  

 

Figure 8: Example Horizontal Run of Case 4 

 

The special requirement reduces the size of the pool for continuity and acuity-based 

assignment. In general AAI increases and the range of PCC becomes narrower when 

compared with the baseline case. There is an overlap between special skills requirement 

and continuity of care, as the pool of patients that needs special skills may still see the same 

W1 for AAI W2 for P-NCC MIN OF d=1 MIN OF d=0.9 MIN OF d=0.8 MIN OF d=0.7 MIN OF d=0.6 MIN OF d=0.5 MIN OF d=0.4 MIN OF d=0.3 MIN OF d=0.2 MIN OF d=0.1 MIN OF d=0

AAI 37.34 36.51 35.19 35.25 35.10 37.49 39.96 43.30 46.33 49.25 51.95

P-NCC 78.54 77.89 77.09 75.65 70.35 62.03 53.92 49.27 48.06 47.14 46.60

0 1 78.54 77.89 77.09 75.65 70.35 62.03 53.92 49.27 48.06 47.14 46.60

0.1 0.9 74.42 73.76 72.90 71.61 66.82 59.58 52.52 48.68 47.89 47.35 47.13

0.15 0.85 72.36 71.69 70.81 69.59 65.06 58.35 51.82 48.38 47.80 47.46 47.40

0.2 0.8 70.30 69.62 68.71 67.57 63.30 57.12 51.13 48.08 47.72 47.56 47.67

0.25 0.75 68.24 67.55 66.62 65.55 61.53 55.89 50.43 47.78 47.63 47.67 47.93

0.3 0.7 66.18 65.48 64.52 63.53 59.77 54.67 49.73 47.48 47.54 47.77 48.20

0.35 0.65 64.12 63.41 62.43 61.51 58.01 53.44 49.03 47.18 47.46 47.88 48.47

0.4 0.6 62.06 61.34 60.33 59.49 56.25 52.21 48.33 46.88 47.37 47.98 48.74

0.45 0.55 60.00 59.27 58.23 57.47 54.48 50.99 47.64 46.58 47.28 48.09 49.00

0.5 0.5 57.94 57.20 56.14 55.45 52.72 49.76 46.94 46.29 47.20 48.19 49.27

0.55 0.45 55.88 55.13 54.04 53.43 50.96 48.53 46.24 45.99 47.11 48.30 49.54

0.6 0.4 53.82 53.06 51.95 51.41 49.20 47.30 45.54 45.69 47.02 48.40 49.81

0.65 0.35 51.76 50.99 49.85 49.39 47.43 46.08 44.84 45.39 46.94 48.51 50.07

0.7 0.3 49.70 48.93 47.76 47.37 45.67 44.85 44.15 45.09 46.85 48.61 50.34

0.75 0.25 47.64 46.86 45.66 45.35 43.91 43.62 43.45 44.79 46.76 48.72 50.61

0.8 0.2 45.58 44.79 43.57 43.33 42.15 42.40 42.75 44.49 46.68 48.82 50.88

0.85 0.15 43.52 42.72 41.47 41.31 40.38 41.17 42.05 44.19 46.59 48.93 51.14

0.9 0.1 41.46 40.65 39.38 39.29 38.62 39.94 41.35 43.90 46.50 49.04 51.41

1 0 37.34 36.51 35.19 35.25 35.10 37.49 39.96 43.30 46.33 49.25 51.95
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nurse because of skill match, that sustains the PCC goal. There is an incentive to start at 

lower values of the acuity threshold (d = 0.6) for NPA purpose, 20% of patients are being 

assigned on special needs. 

Based on Figure 8, 20% special requirement case concentered from 𝑑 =0.6 to 𝑑 

=0.4.  In this case, the 20% of patients will be assigned to nurses based on patients need 

match nurses’ skill, along with continuity of care and workload balance approaches 

together to make the patient assignments hard to achieve the workload balance. 

Therefore, we would rather have more patients in the continuity of care group (impact 

point is 0.6 compared to 0.9 for the baseline case), and the threshold choices are 

concentered in a specific range. 

 

Case 5: Add Nurses from Pool if N-P Ratio exceed 6 

In the baseline case, we allow the number of patients per nurse to exceed this N-P Ratio 

given the stochastic nature of the simulation data, even though the N-P Ratio averaged 

across 56 shifts is 1:6. In hospital settings, the nurse manager would call in additional 

nursing staff from a pool to avoid exceeding the desired N-P Ratio. In this case, we consider 

the possibility of adding nurses from an out-of-unit pool in shifts where the number of 

patients needing care exceeds the desired N-P Ratio for the scheduled nursing staff (6 

patients per nurse).  

The following setting was used: pre-arrange nurses working schedule for 1 month 

(21 nurses will be separated into day cared group and night cared group) assigned by 3 

shifts per week or 4 shifts per week; for every shift, if N-P Ratio > 6, add additional nurse 

from pool until N-P Ratio <=6. 
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Based on Table 22, the results from this special case do not vary significantly 

when compared to the baseline case. We did not provide the table of preference here 

since the overall performance between baseline case and add nurse from pool case is not 

significantly different.  

Method AAI  P-NCC 

d=1.0 (WB) 24.21 84.28% 

d=0.9 24.31 83.54% 

d=0.8 24.63 82.38% 

d=0.7 24.94 80.63% 

d=0.6 26.20 73.52% 

d=0.5 30.05 62.49% 

d=0.4 34.66 51.58% 

d=0.3  40.60 45.29% 

d=0.2 44.62 43.79% 

d=0.1  50.07 42.65% 

d=0 (CC-WB) 54.29 41.89% 

Table 22: AAI Vs P-NCC for Case 5 

 

We only provided Figure 9 here to show how to add a nurse from the pool case 

curve is similar to the baseline curve. Similar to the baseline case, the threshold choices 

of the concentrated choices of add nurse from pool case are shown from 𝑑 = 0.9 until 

𝑑 = 0.6 for the weight of P-NCC (0.15-0.20). Compare to the baseline case, the Case 5 

add float nurse from the nurse pool into patients’ assignments in a shift, which did not 

impact the assignment results for workload balance. Therefore, the results of Case 5 did 

not show significantly different compared to the baseline case. 
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Figure 9: Example Horizontal Run of Case 5 

 

Summary of Sensitivity Analysis  

The analysis of the impact of several contextual factors supports the benefit of the proposed 

model with the segmentation of patients based on acuity to prioritize continuity of care 

versus workload balance NP assignments. 

   For the variation of shift length, the hard constraint on NP-ratio, N-P Ratio=9 and 

left-skewed distribution of acuity, we observe small variations of workload imbalance, 

increase in the first two cases and decrease in case of N-P Ratio=9 and left-skewed 

distribution. In settings where workload balance is more difficult either due to the 

distribution of acuity (right skewed), or NP assignment obeying other priority (special 

skills requirement), the acuity threshold tends to be concentrated on intermediate values, d 

= 0.6 to d = 0.3 depending on preference weights, a similar result to the baseline model. 

There is a significant gain in PCC by moving from d=1 to intermediate values relative to 

the increase in AAI. In settings with the low number of patients per nurse (N-P Ratio 1:3) 

or left skewed distribution, we see a concentration on either high or low values of the acuity 



 

65 

 

threshold d, depending on the preference weight.  Interestingly, the two cases differ in 

terms of potential for workload imbalance, being high in the case of N-P Ratio=3 and low 

in the case of left-skewed distribution. 

Results for High Acuity Patients and Actual Usage of Continuity of Care  

One interesting finding from our model relates to the PCC obtained for patients with higher 

acuity levels in Table 23. For the purpose of illustration, we set the threshold for high 

acuity at d=0.6 and tracked the PCC performance for this group of patients across the 

different models. Recall that the highest PCC obtained in the baseline model is 59.33% 

when d = 0 (CC-WB method). Varying the acuity threshold, we obtain a maximum PCC 

for high acuity patients of 63.29%.  Continuity of care is arguably more important for 

critical-care patients than low acuity patients, so this focus would seem justified, delivering 

PCC improvement where it counts the most. This finding is consistent across the different 

cases considered in the sensitivity analysis. 

 

 

       

 

  

          

         

         

         

         

         

         

          

         

          

         

  

 

Method
Baseline 
case

Left
15%

Right 
15%

8 hours 
shift

N-P 
Ratio 3

N-P 
Ratio 9

20% 
patient

Add 
Nurse

d=1.0 17.53% 17.55% 17.38% 23.87% 8.82% 24.86% 22.75% 16.13%
d=0.9 20.49% 17.63% 20.03% 27.01% 13.02% 27.66% 25.31% 19.19%
d=0.8 25.97% 23.92% 25.00% 31.74% 19.43% 31.44% 29.47% 24.72%
d=0.7 33.25% 39.04% 39.48% 38.63% 28.18% 37.20% 35.26% 32.06%
d=0.6 63.29% 63.02% 62.07% 66.60% 62.24% 63.21% 57.84% 62.93%
d=0.5 62.99% 62.10% 60.60% 65.44% 60.69% 62.73% 57.12% 62.08%
d=0.4 61.67% 61.75% 59.99% 63.52% 57.93% 61.47% 55.59% 60.18%
d=0.3 60.17% 60.28% 59.69% 61.51% 55.93% 60.15% 54.19% 59.00%
d=0.2 59.87% 59.23% 59.27% 60.97% 55.48% 59.85% 53.95% 58.68%
d=0.1 59.45% 58.46% 59.27% 61.12% 54.97% 59.49% 53.69% 58.29%
d =0 59.41% 57.92% 59.27% 60.30% 54.76% 59.35% 53.47% 58.01%

Table 23: PCC Values for High Acuity Patient (d>0.6)
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The actual usage of potential care relationships is above 90% in 6 different 

conditions (baseline, left-skewed, right skewed, N-P Ratio 9, patient with the special need, 

and add additional nurses from the pool). Only 8 hours shift case and N-P Ratio 3 case 

showed different results (72.45% for 8 hours shift case and 82.65% for N-P Ratio 3 case) 

of actual usage of potential continuity of care. For 8 hours shift case, we have lots of unused 

continuity of care relationship (multiple nurses cared one patient before, we could only 

choose one care relationship and unselected other existed relationships) (in this case, the 

nurse will have a much higher percentage to meet the same patients they used to care 

before, and there are lots of cases two or more nurses have care relationship with patients 

in current shift since patients remain 180 for 8 hours shift in 1 month, patients length of 

stay increased to range 6 shifts to 30 shifts distributed normally around a mean of 12.09, 

nurse work 33% more shifts per week (from 3 shifts to 5 shifts per week), and total shifts 

changed from 54 to 81  (shifts changed from 12 hours to 8 hours. For the N-P Ratio 3 case, 

due to very limited N-P Ratio, we have to discard lots of care relationship, i.e., one nurse 

cared one patient before, but based on N-P Ratio, workload balance among all nurses, these 

care relationship could not be used (e.g., one nurse already has three patients with previous 

care relationship, and there is no more space for any assignment), and these patients have 

to be assigned based on workload. 
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Chapter 6: Discussion, Conclusions, and Recommendations 

NPA policies need to satisfy both objective goals such as workload distribution and 

productivity (Aickelin and Dowsland, 2004) and subjective goals (Waibel et al., 2011). 

Inspired by previous studies using quantitative parameters to distribute patients to nurses 

(Sadki et al., 2011, Schaus et al., 2009, Punnakitikashem et al., 2013) and studies 

demonstrating the benefits of familiarity between patients and nurses (McDonald et al., 

2007, Austin et al., 1999), we developed a hybrid assignment algorithm which considers 

both quantitative goals, namely workload balance based on patient acuity (Latimer et al., 

2009), and continuity of care relationship between nurses and patients from prior shifts 

(Allen, 2015). The method, termed CC-WB, gives priority to relationship-based 

assignments followed by workload balance.  

We compared the CC-WB method to three other control cases: (1) the WB 

approach, which attempts to minimize acuity imbalance in workload assignments; (2) an 

approach we call CC, where we consider only the goal of continuity of care (patients not 

assigned based on prior relationships are assigned randomly); and (3) the NB approach, 

which produces assignments based on solely numeric balance. In a baseline experiment, 

we tested all these four approaches in our simulated model for 56 shifts (4 weeks) and 

measured AAI, which captures the acuity imbalance produced by each method, and PCC, 

which measures the extent to which each method produces assignments with prior-care 

relationships.  

The results of this experiment showed limitations on the continuity-based 

assignment imposed by the hospital work setting. The maximum overall PCC that could 
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be obtained was 59.33% (baseline model) for the CC-WB model. The limitation to work 

in contiguous shifts and the number of patients per nurse limit the usage of prior-care 

relationships. Moreover, the results demonstrate the tradeoff space between relationship 

and workload imbalance. The WB method generates better acuity balance, the CC and CC-

WB approaches produced the greatest gains in terms of continuity of care. More 

interestingly, the CC-WB method provided the best balance between the goals, with a 

47.66 percentage-point increase in PCC, in exchange for a 15.8% increase in AAI when 

compared with WB. 

To address the tradeoff between acuity imbalance and relationship-based 

assignment, we relax the acuity-minimization and relationship-maximization goals, and we 

performed a sensitivity experiment in which we tested the CC-WB method for values of 𝑑 

ranging from 0 to 1. Here, changing the value of 𝑑 allowed us to use relationship-based 

assignment with a more precise application, such that we consider only higher-acuity 

patients (with acuity scores greater than or equal to 𝑑) for relationship-based assignment. 

The results of our experiments showed that mid-range values of 𝑑, where 𝑑 = 0.5 or 𝑑 =

0.6, provided AAI results similar to the WB case (a maximum of 1.02% greater than WB 

for the 𝑑 = 0.6 case), while also providing PCC gains of 36.6 and 25.8 percentage points, 

respectively, in comparison to the WB case.  Here, we effectively gain the benefits of 

relationship-based assignment for free, with little or no penalty in terms of acuity balance.  

This study makes several contributions to research and practice. First, we consider 

a new problem in NPA related to assuring continuity of care to patients. We extend prior 

research on NPA by incorporating qualitative factors, recognizing that nursing work 
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contains both objective work and subjective work, where subjective work requires 

addressing unpredictable factors (Weston et al., 2006, Griffin et al., 2007). Increasing 

continuity of care has a dual impact as not only reduces subjective workload for nurses but 

can also improve quality of care delivery to patients (Bodenheimer, 2008). 

Secondly, we develop a stylized simulation model based on a survey of the 

literature, to test the effectiveness of different approaches to NPA. Discrete event 

simulation is well suited to the complexities of the hospital environment (Gnanlet and 

Gilland, 2009) and the NPA problem in particular. Using a simulated setting we were able 

to consider accumulated workload balance over four weeks while most prior studies 

optimize for work balance in the short term. 

We used our simulation model to generate a broader understanding of the tradeoff 

between workload balance based on objective work and continuity of care. The 

relationship-based goal may impact the quality of care delivery and patient satisfaction, but 

also the perception of the subjective workload from nurses. A key insight is that by enabling 

a pool of patients with low acuity to be assigned to balance workload, we can achieve high 

levels of continuity of care without penalty on work balance  

The methods presented in this article are useful for different stakeholders involved 

in nursing care in inpatient settings. Inspired by the assignment logic and important factors 

of NPA for charge nurses (Plover, 2017), this method can be embedded in a DSS tool and 

used to develop operational plans for NPA on a daily basis, facilitating administrative 

work. Hospital managers can break the tradeoff between objective workload balance and 

continuity of care, while maintaining high acuity patients under relationship-based 
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treatment. The DSS model data can also be used to inform nurses’ perception of workload 

balance in the long term. Finally, we note that, even though the relationship-based 

assignment could benefit both nurses and patients, a full relationship-based assignment is 

difficult to achieve in operational settings (Clarke and Donaldson, 2008). Our CC-WB 

method with acuity threshold takes advantage of this situation, by assigning based on prior 

care where possible, and based on acuity where a relationship-based assignment is not 

possible.   

There are some limitations to this work. Our method did not consider patient admit 

or discharge during a shift. We used acuity as a major parameter to assign patients to nurses 

under workload balance; however, other quantitative factors could be substituted for acuity 

with little no change. Also, our patients’ acuities are generated from normal distributions, 

which ignore that higher acuity also tends to have higher length of stay.   

Our findings point to several opportunities for future work. We could consider 

inheriting prior positive care relationships between patients and nurses, and assign patients 

with negative care relationships based on acuity. Aside from acuity, we could assign 

patients based on their room location, diagnosis, or special needs. Finally, continuity of 

care might not be the only way to gain the benefits of qualitative goals. Other qualitative 

factors, such as patients’ mental conditions, the complexity of patients’ communication, or 

the stress level of nurses could also be used in nurse-patient assignment decision-making. 

Conclusion 

We proposed two hybrid assignment methods, i.e., CC-WB method and acuity threshold 

method, to address the need to provide continuity of care while ensuring fair workload 
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distribution among nurses. The CC-WB method alleviates the tradeoff inherent to single 

criteria methods namely CC and WB. Based on the first-round simulation results, we 

further proposed a multi-criteria balancing method with acuity threshold. Varying the 

acuity threshold for prioritizing continuity-based assignments enables higher continuity 

with a limited impact on workload balance. Maintaining a pool of patients with lower 

acuity to assign based on workload balance enables decision makers to break the tradeoff 

between the continuity of care and the workload balance. 
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