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ABSTRACT

The healthcare systems in the United States have faced competing challenges
such as reducing costs and improving outcomes. Currently, the United States healthcare
system is considered the most expensive in the world; 53% per capita more than the
second-highest country. This study was focused on increasing resource productivity and
efficiency in the healthcare system specifically at Bozeman Deaconess Cancer Center
(BDCC) taking into consideration mental workload. The demand of the center has
increased in approximately 16% each year since 2011. The BDCC strategic objectives are
to improve the distribution and supply of resources, to maximize service coverage, to
minimize waiting time of patients, and maximize service capacity. This research
measured and validated mental workload in the infusion area of BDCC using two
perceptual tools, NASA-TLX and SWAT, as well physiological responses. The purpose
is to balance patient appointment and increase resource utilization. This study took into
consideration the balance of human resource workload as a main part of the proposed
model rather than only a mathematical solution balancing the capacity of the human
resources without overloading them. A mathematical model was be developed and tested
through a discrete event simulation to validate and explore the feasibility of the
scheduling polices. In conclusion this thesis was able to successfully build a patient
scheduling model considering nurses workload. It was proved that the model balanced
patient appointments through the day by leveling the workload of nurses and pharmacists.
Sensitivity analysis showed that the patient demand of the center could be increased up to
40% in some instances without negatively impacting patient service. This research is one
of the first of its kind to include mental workload as a mathematical constraint in a
scheduling model.
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CHAPTER 1

INTRODUCTION

Thesis Overview

Over the past decade, the healthcare system in the United States has faced
competing challenges such as reducing costs and improving outcomes [1]. Currently, the
United States healthcare system is considered the most expensive in the world; 53% per
capita more than the second-highest country [2]. The Commonwealth Fund presents
annually a report that compares the performance of the Unites States healthcare system
among 10 nations- Australia, Canada, France, Germany, the Netherlands, New Zealand,
Norway, Sweden, Switzerland, and the United Kingdom— using five dimensions as
measured system. These dimensions are quality, access, efficiency, equity, and heathy
lives [2]. Figure 1.1 summarizes the rankings of the different healthcare systems around
the world. The figure shows that the U.S. ranks last in dimensions such as efficiency,
equality, and healthy lives, and the United Kingdom ranks first, followed closely by
Switzerland [2]. This situation has trigger the need of generating effective polices and
strategies that could impact positively the quality of the healthcare in the United States.

A wealth of knowledge and experience in enhancing the quality of healthcare has
accumulated globally over many decades. Even when health systems are well developed
and resourced in the United States, there is clear evidence that quality remains a serious
concern. To understand quality, the Institute of Medicine (IOM) defines quality of

healthcare in terms of standards such as ‘the degree to which health services for
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individual and populations increase the likelihood of desired health outcomes and are
consistent with current professional knowledge’. It is centered on the conceptual
components of quality: quality of care is safe, effective, patient centered, timely,
efficient, and equitable [3]. Meanwhile, the quality definition of the American Academy
of Nursing Expert Panel on Quality Health is focused on the following positive indicators
of high quality care that are sensitive to nursing input achievement of appropriate self-
care, demonstration of health-promoting behaviors, health related quality of life,
perception of being well cared for [4]. According to these concepts, it is evident that the
United States has failed to achieve better healthcare services for Americans [1]. The
efforts should be based on making significant strides in improving the delivery,
coordination, production, and equity of the healthcare system. The main objective of this
study is focused on increasing the productivity and efficiency of the resources in the
delivery and improvement of quality in the healthcare system that are fundamental factors

to meet the expectations of both patients and healthcare workers.
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Cancer remains the second most common cause of death in the United States. In
2014, there will be an estimated 1,685,210 new cancer cases diagnosed and 595,690 c are
expected to die of cancer in 2016, which translates to about 1,630 people per day [5].
That changes the approach that healthcare system has over the centers that provide cancer
treatments. Cancer care over the last 50 years has evolved from its primary focus on local
disease to a sophisticated, multidisciplinary approach to achieve the level of high quality
care that is necessary in the United States. The present study will be conducted at the
Bozeman Deaconess Cancer Center (BDCC) which provides care services in Bozeman
and its surrounding areas. BDCC provides the latest cancer technologies and treatment
options in an integrated center that promotes a team approach to oncology care. The
demand of the center has increased in approximately 16% each year since 2011 [6]. The
BDCC strategic objectives are to improve the distribution and supply of resources, to
maximize service coverage, to minimize waiting time of patients, and to maximize
service capacity of the center. As a consequence, management is looking to incorporate a
scheduling system that corresponds with these objectives.

Currently, more than 85 % of patients who are treated on BDCC are using
infusion service daily that makes the infusion area the core of BDCC. The present study
focused mainly on this area. Infusion scheduling is a highly complex process involving a
multitude of (often shared) resources, as well as a high degree of dynamics and
uncertainty. The term Infusion Scheduling covers planning tasks at different levels of
detail and time scale. Since the early 1950s, researchers have approached scheduling

systems using theories mainly from fields such as mathematics, computer science,
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economics, and engineering [7]. Even though mathematical and simulation models were
used in healthcare systems effectively [8] [9] [10] [11], they do not fulfill the healthcare
aims completely. One reason is deficiency to incorporate human factor theories as the
center of quantitative models.

Human factor is the discipline that takes into account human strengths and
limitations in the design of interactive systems that involve people, tools and technology,
and work environments to ensure safety, effectiveness, and ease of use [12]. Human
factor projects are based on studying and examining a particular activity in terms of its
component tasks, and then assesses the physical demands, skill demands, mental
workload, team dynamics, aspects of the work environment, and device design required
to complete the task optimally [12]. In essence, human factor theories are focused on how
systems work in actual practice, with real—and fallible—human beings responsible for
the controls, and attempts to design systems that optimize safety, quality and minimize
the risk of error in complex environments [13].

This research studied different techniques to measure staff workload taking into
consideration mental and physical workload, and validated and integrated them into a
mathematical model. This study took into consideration the balance of human resource
workload as a main part of the proposed model rather than only a mathematical solution
balancing the capacity of the human resources without overloading them.

Fields such as psychology and human factors have conceptualized and measured
workload in the last decade. This study conceptualizes workload as a dynamic balance

between the challenge of the tasks and the individual’s responses to a task or activity
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[14]. This concept compiles elements such as task allocation, level of performance, task
demand, mental and physical effort, and operator’s perception [15]. Another concept that
was used frequently throughout this study is mental workload as the capacity of
individuals to process, analyze, and manage information. These concepts represent a high
level of abstractness as a result only a few tools have been developed to measure them.
Even though these tools have been applied in different areas not all of them have been
validated especially in the healthcare field. This research measured and validated mental
workload in the infusion area of BDCC using two perceptual tools NASA- Task Load
Index and Subjective (NASA-TLX) and Workload Analysis Technique (SWAT) and
physiological responses simultaneously. The objective was to establish the number of
nurses and pharmacists necessary in the infusion area to keep an optimal balance of the
activities.

Furthermore, an acuity model was developed which was used for patient
categorization. The patient category was determined by the type of treatment, which
determines the length of therapies of the patients. The acuity category was determined by
the patient treatment type which was used in the model along with the patient sequence to
determine the optimal mix of patients throughout day.

Finally, the integration of an optimization model and a simulation model has been
successful for decision-making in complex systems [16] [17] due to the fact that
computer simulations provide good operational decision support as it allows for the

creation of multiple scenarios that can be representative of any given day [10]. As a
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result, a mathematical model and simulation model were developed. Using the last one as

a tool to validate and explore the feasibility of the schedule polices.

Description of Problem

As was previously discussed, patient demand has increased substantially at BDCC
in the last years. This situation triggered different problems such as imbalances among
service areas, long periods of patient waiting time, and high levels of human resource
workload. All these problems are generated by inefficiency of the scheduling system
which is meant to give adequate response to the complexity of the healthcare system.

The tasks at BDCC involve a high level of complexity due to the variability in
treatment requirements, variability in patient response, internal delays in services, and
high information flow requirements. BDCC currently operates 5 days a week from 8 AM
to 5 PM. Some employees often work overtime, especially nurses who must finish the
care of all the patients that are in the system [18]. This overtime is caused by several
delays in the work schedule across the system. The cancer center treat more than 60
patients per day which are mixed according to patient needs and availability of resources.
Out of these, the infusion area sees anything between 24 and 35 patients per day. Each
day represents a new challenge for management which needs to guarantee opportune and
reliable patient service.

To understand the patient flow, it was necessary to divide the patient type into
seven categories which represent the different paths patients follow through the system.

Table 1.1 presents the sequence of activities of different types of patients. The patients go
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through the different routes or paths depending on their needs. Each route has a cycle
time and its own characteristics. For example, patient type 4 goes to the lab and

subsequently goes to doctor’s appointment (Consult)

Table 1.1 Type of patient according to flow

Patient Type Lab Consult Infusion

1 v

2 v
3 v

4 v v

5 v v
6 v v
7 v v v

Similarly, Figure 1.2 shows the routs that patients follow. For example, the
current patient flow at BDCC starts with checking-in at the reception followed by going
to laboratory for blood draw. Not every patient needs to go through the laboratory every
day, some patients come the day before their appointment for blood draw (Type 3), some
patients don’t require a blood test (i.e. Type 1, 2, & 5). After that, patients are escorted by
a nurse to a consult room for vitals check followed by doctor’s examination. Then
patients go to the infusion area for treatment. Again, not all patients require a doctor’s
examination before infusion treatment (i.e. Type 1, 3, & 4).

The cycle time and the frequency of treatments could change depending on
individual needs of each patient, such as patient’s response to different treatment,
provider style, the availability of human resources in the system such as nurses,
pharmacy technicians, lab technicians, and doctors, and the design of the process. The
complexity of the scheduling system is based on the balance between the available

resources and the mix of patient types. The objective of this research was to establish



different models that permit the reduction of the gap between the actual schedule and the

projected schedule, keeping high quality of service and also effective resource utilization

8

considering the workload of human resources through the system.
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Research Questions and Contributions

The present research used workload measurements as a basic component of
analytical models in the healthcare area. Figure 1.3 displays an overview of this research.
The study was divided into six phases. Phase 1 measured workload using physiological
responses and perceptual instruments such as NASA-TLX and SWAT. Phase two
validated physiological workload and perceptual workload measurements. Until now,
some studies have shown where perceptual workload instruments have been used in
healthcare settings to measure workload, however, none of them have validated these
instrument in that field [19] [20] [21] [22]. Phase 3 developed workload constraints to
build a completed mathematical model in phase 4. The objective of this mathematical
model was to maximize resource utilization without overloading the human resources.

Consequently, phase 5 developed a simulation model of the system to validate the
mathematical model. Finally, phase 6 integrated all the results in scheduling policies to

improve the patient flow of the current system.

17 Contribution 1 Contribution 2 Contribution 3
Physiological \ l \
Workload

- Schedule
Polices

Validation of
perceptual with
physiological
Workload

\xfﬁfﬁ d Mathematical
q Model

Constrains

- Simulation

Perceptual
Workload ’

Figure 1.3 Research overview

Analytical Model




10

From the figure, it can also be see the three primary contributions of proposed
research. Contribution 1 was focused on measurement and validation of workload tools;
contribution 2 was focused on incorporation of workload measurements in to a
mathematical model; and contribution 3 was focused on the development of scheduling
polices for an oncology clinic. Likewise, the present research explored several research
questions through the methodology. These questions were gathered in the next research
hypothesis
Physiological workload (Part of contribution 1)
H,y, Physiological responses and number of patients seen during the day in infusion area
are correlated.
Perceptual workload (Part of contribution 1)
H,, The workload measurements obtained from NASA-TLX are correlated to SWAT
measurements
Hy3 The workload measurements obtained from NASA-TLX are similar to the
measurement obtained from the equal weight calculation method
Physiological and perceptual workload (Part of contribution 1)
H,, The workload measurements obtained from the NASA-TLX and the physiological
responses are correlated.
Analytical model and scheduling model (Part of contribution 2)
H,ys The total cycle time of the patients in the real system and the simulation model is the

same
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H,e The total cycle time of the patients in the actual system and the proposed model is
the same (Part of contribution 2).
H,, The number of patients that are serviced during a day in the Cancer Center will
increase with the new schedule policies (Part of contribution 2).
Hyg The percentage of the chair utilization of the infusion area will increase with the new
schedule policies. (Part of contribution 2).

This research integrated concepts such as modeling, simulation, and human
factors in a complex healthcare systems.

The rest of the document is divided as follow Chapter 2 presents a
comprehensive review of the literature; Chapter 3 presents a description of the
methodology followed in this research; Chapter 4 determines the maximum number of
patients a nurse is capable of handling without exceeding certain mental workload levels
using human factor analysis; Chapter 5 builds a mathematical model integrating the
human factor constraints; Chapter 6 analyzes the impact the proposed schedules have
over patient care using discrete event simulation; Chapter 7 develops general patient
scheduling policies for the infusion area. Figure 1.4 illustrates the research overview

fragmented by chapter and hypotheses.
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h Contribution 1 Contribution 2 Contribution 3
: CHAPTER 4 : | CHAPTERS: 1 CHAPTER 6 : 1 CHAPTER 7
1| Physiological \ 1 ! 1 ! 1 :
1 ‘Workload 1 ! 1 ! 1
1 Validation of Mental 1 : 1 : 1
1 perceptual with workload Mathematical # Simulation Schedule
1 physiological - Constrains { Model 1y 1 ! Polices
1 Workload 1 I 1
1 Perceptual 1 1 1
1 Workload ’ |—|7: Analytical Model |:4 1 :
1 1 1 1
oo ___Hu_ _Ho  Ho _Hoiy | _Hosyl Hos Hoo Hory oo )

Figure 1.4 Research overview fragmented by chapter and hypotheses
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CHAPTER 2

LITERATURE REVIEW

Workload Measures

A factor to consider in this research was the measurement of human resources
workload, especially for nurses and pharmacists. Nursing workload measurement can be
used as an information source for management to determine the requirements and
allocation of nurses with the objective to obtain a balance between supply and demand
[19]. Previous research has defined nursing workload as the action to measure the level of
direct and indirect patient care in related nursing activities which are based on
dependency level of the patient, the severity of the illness or injury, the time required for
managing their care, and the complexity of the care provided [23].

Furthermore, mental workload is based on the assumptions that each person has a
fixed cognitive capacity, and is defined as the difference between cognitive demands of a
job or task and the person’s attention resources [19] [24]. It represents the perception of
pressure related to the amount of work and task heaviness which indicates the degree to
which a job taxes the nurse in terms of mental effort [25]. The variability of workload
measurements could be analyzed through four key concepts such as patient-nursing
condition, medical condition, caregiver characteristic, and the environment. The
complexity of combining all these concepts generates an evolution in the system from a
descriptive approach to an industrial management engineering approach which is a key

factor of this proposed study [26].
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In general, measuring workload is based on three methods physiological,

procedural and perceptual [22]. Physiological measurements are related to elements

which include heart rate and blood pressure as responses to stress. Procedural

measurement use tools which determine time spent to perform the activities. The last

method, perceptual, measures the individual perspective of responders and it is

considered more subjective than the last two. It frequently uses surveys with an objective

to evaluate the participants’ perceived workload [22]. Table 2.1 shows a summary of the

methods used to measure workload [21]. Each of them are related to the assumptions of

method, most frequent indicators for their validations, and the corresponding limitations

of the methods.

Table 2.1 Methods to measure workload

Method Assumptions Indicators Limitations
Physiological This method assumes that The most frequent Validity of result is
people’s physical indicators are heart rate, impacted by presence
functioning changes when heart rate variability, confiding factors and
the cognitive demands respiratory changes, blood extraneous variables that
change pressure fluctuations, eyes could have an effect on
blinks, cortisol level, skin physiological indicators
potential level, and oxygen
consumption
Procedural Attention load changes Change in reaction time and  Participant must perform a
cause performance or accuracy of the task or second task in order to
behavior changes that can be  performance measure assess the processing
measured and predicted demands of primary task
Perceptual Participants are aware of Self-reports as NASA-TLX  Validity relies on the

their mental workload or
attention capacity and can
estimate variations in mental
workload and attention
capacity

and SWAT are based on
questions about the amount
of work or mental
processing required to
complete the task

human’s ability to provide
information about the effort
investment required to
complete the work

The present study used physiological workload measure to validate subjective

workload methods. Physiological workload responses in mental task situations have been
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conducted frequently in the medical field and human factors and ergonomics field. Some
authors established that not only physiological workload but also the mental workload
has a clear impact on body responses [27]. In other words, workload can be assessed by
the measurement and processing of the appropriate physiological variables which are
classified into three categories as a function of the organs involved brain-related, eye-
related, and heart-related. Table 2.2 displays the physiological measures according to

three major categories [28].

Table 2.2 Physiological measures

Brain related measures Eye related measures Heart related measures
Functional magnetic (FMRI) Electrooculography (EOG) Electrocardiography (ECG)
Resonance imaging (MRI) Blink interval Heart rate variability (HRV)
Electroencephalography (EEG) Blink closure duration Heart rate

Event related potentials (ERPS) Blink rate Blood pressure

Several researchers have investigated how mental workload affects physiological
responses over an individual. For example, DiDomenico and Nussbeum [29]
investigated if there is a differential effect of various types of physical activity on both
mental workload and cognitive performance. The aim of the study was to determine the
impact physiological components might have over mental workload. One finding was
that levels of both physical and mental activity impair mental processing or decrease
performance.

Similarly, Ryu and Rohae [28] developed a combined measure based on various
physiological indices to evaluate mental workload during a dual task. The physiological

indices that were considered in this research were: 1) the suppression of alpha rhythm
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which uses the signal of electroencephalogram (EEG); 2) electroencephalogram (EEG)
which uses the signal of electrooculogram (EOG); and 3) heart rate variability (HRV)
which uses the signal of electrocardiogram (ECG). Additionally, the authors used NASA-
TLX to obtain the participants’ mental workload perception. A multiple regression
analysis was used in physiological measures to predict the subjective workload. In
conclusion, the study showed that both factor analysis and multiple regression analysis
can be useful tools as a combining method.

Finally, Miyake [30] investigated a new method of mental workload assessment
in which multiple physiological parameters and subjective indices were integrated into
one index using multivariate analysis. The present research integrated physiological
measures and the subjective measures to assess levels of workload for different tasks in
the infusion area.

Over the years, several tools have been applied to measure perceptual workload.
Two of the most widely known perceptual workload measure tools are the National
Aeronautics and Space Administration Task Load Index (NASA-TLX) and Subjective
Workload Analysis Technique (SWAT). They are a multidimensional measures based on
rating responses, and they have been validated in different settings but not in healthcare
as perceptual workload instruments [19]. In fact, NASA-TLX is one of the most widely
used instruments to assess overall subjective workload, and it has been used in complex
environments to assess operator workload [20] [31]. NASA-TLX is a rating scale
commonly used in human factors research which is based on six dimensions mental

demand, physical demand, temporal demand, effort, frustration level, and performance. It
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has been successfully applied to different sectors of which the most relevant are
aeronautics, computer systems, transportation, and healthcare [24] [32] [33]. This tool
has been used in dozens of previous studies addressing human factors related to
accidents, errors, and workload characteristics which are considered fundamental factors
in healthcare delivery [34]. In healthcare this tool has been used in specific areas such as
intensive care units [20, 22], operating rooms [35], and emergency departments [36].
NASA-TLX has also been used to compare the workload between physicians and nurses
when new technologies are implemented, such as the use of electronic medical records.
In addition, NASA-TLX has been used to determine the necessity of operative personnel
in different healthcare areas. These represent only a few examples of the different
applications of NASA-TLX in healthcare delivery systems [37].

Likewise, SWAT is a subjective technique that is composed of three dimensions
time load, mental effort load, and psychological stress load [24] [38] [39] [40]. Several
authors have applied SWAT in healthcare settings. For example, Jacoboson et al. [41]
used SWAT to describe subjective and temporal work intensity dimension for physicians
in clinical settings. The objective was to study how the work intensity affects the quality
of care, patient safety, and physician job-satisfaction. Others authors such as Moroney,
Biers and Eggemeier [42] used workload rating from SWAT and NASA-TLX and
combined their procedures and subscales into one overall estimate of subjective
workload [42]. Even though SWAT has been used with success in several fields, the
literature shows no evidence of having been validated in the healthcare field. The

proposed research will combine results from SWAT, NASA-TLX and physiological
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workload to validate and analyze the sensitivity of workload measurements in a
healthcare settings specifically at the infusion area of BDCC.

This research took into consideration the balance of human resources workload to
develop a model more oriented to human factors rather than only to mathematical
solutions. The integration of multiple points of view from nurses, physicians, and even
from patients is a common practice for the improvement of healthcare systems. The use
of different decision making methods represents a systematic and reliable approach for
the decision making of healthcare management. A holistic approach in the decision
making process does not consider independently the viewpoint of each of the decision
makers. It is based on the idea that “everything influences everything else,” which makes
it more complex to integrate all opinions and generate a common idea [43]. In healthcare
systems, there are several departments that may face a single problem. However, they are
different views to solving the problem, based on the relative importance of dissimilar

criteria areas among departments [44].

Analvytical Models

Optimization models have been used frequently in research oriented to develop
mathematical models to improve healthcare systems. For example, Van Houdenhoven et
al. [45] were able to increase operation room (OR) utilization by applying mathematical
algorithms. They also argued that mathematical algorithms were not enough; hence, they
needed to lower the organizational barriers that were limiting departments to scheduling

surgeries in certain rooms. Similarly, Ozkarahan [46] used goal programming to allocate
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surgeries to operating rooms. Denton el al. [8] combined mathematical optimization with
simulation in order to minimize waiting times, idle times and overtime in an OR. Most of
the articles found in the literature are focused either in ORs or emergency rooms (ER).

Computer simulation has been used to aid healthcare decision making from the
early 1950’s [47] [48]. England and Roberts [49] presented a comprehensive literature
review about the application of simulation in healthcare before 1978. They cited 92
simulation models to explain the use of computer simulations in twenty one different
healthcare areas. A similar bibliography was presented by Klein et al. [50], who cited
articles to exhibit the application of computer simulation in operational decision making,
medical decision making, system dynamics, and epidemiology, among others. Discrete
event simulation is the most popular and widely used simulation technique adopted by
researchers in healthcare. This may be attributed to the numerous successful studies
reported using simulation to address healthcare system problems and the ever increasing
sophistication of simulation software packages [16] [51].

Baesler and Sepulveda [52] [53] presented a case study on combining simulation
and multi-objective optimization heuristics to target four objectives at a Cancer Center
such as minimizing patient’s waiting time, maximizing chair utilization, minimizing
closing time, and maximizing nurses’ utilization. The authors used a new building
analysis to identify a waiting room area that was too small for the increased patient flow.
It would allow a 30% increase inpatient throughput with the same resources.
Additionally, Swisher et al. [54] [55]showed that under certain conditions staffing

reductions could be made without sacrificing patient throughput or increasing staff
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overtime. They experimented with several models with different patient mixes. They also
showed that scheduling more of a certain type of patient (patients that require extensive
physician interaction; longer service time) in the morning reduces employee overtime
significantly. Meanwhile, Harper and Gamlin [56]tested a number of different
appointment schedules and showed how patient wait times can be significantly reduced
through improved planning of the schedule and management engagement. Furthermore,
Rohleder and Klaseen [57] studied the use of rolling horizon appointment scheduling
and considered two common management policies Overload Rules (OLR) and Rule
Delay (RD). The results showed that managers of appointment scheduling systems must
carefully consider which measures are most important to them since the best choices of
OLR and RD vary substantially by measure.

In a similar way, Coelli et al. [9] used discrete event system simulation (DESS) to
take into consideration the global assessment of patient flow, equipment utilization,
available personnel (technicians and physicians), equipment maintenance scheduling
schemes, and exam repeat rates. Similarly, Cote [58] developed a simulation model
which was based on the physician’s practice to study the impact of examining room
capacity and patient flow. The study found that increased resource utilization does not
necessarily imply longer waiting lines nor longer patient flow times, and a reduction in
the number of examining rooms did not result in individual patient delays. Finally, Akas
et al. [59] developed two models with different points of view length of stay (LOS) and a
management-oriented decision support system (DSS) that was used to represent the

conditional dependencies as well as the uncertainties of variables affecting system
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efficiency. The authors proposed a framework that acts as a useful guide for policy-
makers improving the performance of systems as well as the allocation of scarce
resources subject to limited budget.

Even though all the authors mention above used simulation as a primary tool
whereas in this research, the primary tool is the optimization model and the simulation is
used to test the validity and robustness of the model which will be optimized simulating
the different schedule policies and also varying the patient mix of patient demand.
Consequently, this research considers discrete-event system simulation as a useful tool
for defining optimal operating conditions for outpatient clinics, indicating the most
adequate capacity configuration of equipment and human resources based on patient

scheduling.

Scheduling Models

Scheduling models have been studied widely in the manufacturing industry.
Several studies highlight the scheduling system as problematic in optimizing resources
subject to constraints or restrictions in a complex system [60] [61]. Scheduling models
interact with other types of models and theories, such as long term strategic models,
facility location models, demand management models, and forecasting models [62].
Some factors that are addressed in the scheduling system are the uncertainties which
conceptualize as complete unknown and known events caused by external factors. These
factors could be grouped into three categories complete unknowns, suspicions about the

future of the decision maker, and known uncertainties [63]. In the healthcare sector, we
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find different applications of scheduling models. For example, Hahn-Goldberg et al. [64]
took into consideration the nature of the healthcare environment using an optimization
model to create a dynamic schedule template which was compared to a proactive
template and the actual performance of the cancer center. They found that improvements
of twenty percent when using dynamic template scheduling compared to current practice.

In a similar way, Turkcan el al. [65] developed operations and scheduling
methods for chemotherapy patients with the objective of minimizing the deviation from
optimal treatment plans due to limited availability of clinic resources. The computational
result showed that the planning and scheduling problems could be solved in reasonable
times, and the proposed planning and scheduling models could be used as a decision
making tool in determining the optimal staffing levels.

Perez et al. [66] derived algorithms for scheduling nuclear medicine patients and
resources and validated them using simulation of a nuclear medicine clinic system. Also,
Vasilakis et al. [67] developed a simulation model used to evaluate the likely impact of
the scheduling method in clinic operations. Other mathematical models were designed to
move away from block scheduling by assigning elective patients to different ORs or days
to minimize costs associated with overtime which occur when surgeons overbook an OR
to complete a large roster of patients in a single day [68] [69].

Several studies have used simulation as a method to compare the scheduling
system with the objective of improving the efficiency of the systems by reducing patient

wait times, increasing resource utilization, or decreasing human resources overtime [55]
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[70] [71] [72]. The proposed research combined different scheduling models with the
purpose of optimizing the resources utilization and increasing the cancer center capacity.

Finally, a recent study developed a fatigue nurse scheduling model adding nurse
preferences and fatigue [73]. The study showed that solely using nurses’ preference is not
enough to create an optimal schedule that can reduce the fatigue effectively.
Consequently, the authors combined three objectives, which are nurses’ preferences,
survey-based fatigue, and function-based fatigue, to create a better schedule model [73].

The proposed research differs from the previous work by in incorporating
physical workload, perceptual workload, mathematical models, and simulation models in
the development of a more realistic and efficient scheduling system. Finally, the objective
was to propose scheduling polices that consider the system as holistic and also keep the
balance of resources without affecting the balance of others. A detail description of the

methodology used in this research is shown in the next chapter.
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CHAPTER 3

METHODOLOGY

Location for Research Study

The research will took place at Bozeman Deaconess Cancer Center (BDCC),
located in Bozeman, MT, which is fully accredited with commendation by the American
College of Surgeons Commission on Cancer. BDCC currently serves to 1,845 active
patients and adds proximally 600 new patients each year. Management is concerned
about the imbalance in resource utilization which is linked mainly to the scheduling

system.

Subjects

An IRB was approved with the purpose of conducting all the activities related to
participation of human subjects in the project.

Subjects were divided in two different groups of patients and clinic staff. The last
one is composed of nurses, pharmacist, providers, managers, technicians, and
administrative personnel. Medical records were used to collect information about patient
arrival time, treatment frequency, and treatment duration. In addition, part of the data was
obtained from Meditech and Mosaic software used by the clinic to manage patient
appointments and patient medical information. Patients were not disturbed at any time

during their treatment. Interviews and surveys were applied to clinic staff. The
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information managed in the research was confidential and it was not used to measure

performance of the human resources.

Materials

As part of the research it was necessary to use different software to analyze data
and build the models. ARENA (version 14.0) was used to simulate the patient flow and
validate the scheduling model; GAMS (version 24.1.2) was used to model and solve the
optimization models; Minitab (version 17); and SPSS (version 22) were used to process
all the statistical data. NASA-TLX and SWAT were applied to measure human resource
workload. In addition, Equivital™ TnR was used to measure physiological responses of

nurses and pharmacists.

Procedure

This research was divided in six tasks which represent the proposed methodology

of the study.

Task 1 - Measure and Analyze System Workload

Determining the optimal balance of task assignment that ensures high quality care
in a nurse workstation is challenging. Tools such as work sampling, NASA-TLX, and
SWAT were conducted to measure workload in all areas of BDCC.

Work sampling was used to find the amount of time spent on each task. It was
chosen over other work measurement techniques due to the high number and variability

of tasks. Time studies, for example, are primarily used to determine the duration of a task
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in order to develop time standards [74]. This can be difficult in this type of setting since
nurses have a high number of tasks with some of them sometimes having a preemptive
priority over others. Work-sampling, on the other hand, has been proven to work when
the desired output is the proportion of time a person is busy in a specific task [75] [76]
[77][75,77,78].

The theory of work-sampling relates the probability of an event or condition to be
present with the fact that there are only two possible outcomes either present or absent.
This results in a binomial distribution with mean np, and variance equal to npg. For a
large enough sample size, the binomial distribution can be approximated to a normal
distribution. Therefore, using the properties of the binomial distribution, a statistical error

of each proportion was calculated using equation 3.1 [74]

| = z%\/% (3.1)

Where |= the acceptable limit error, p = probability of single occurrence, q =
probability of an absence of occurrence, and n= number of observations.

A confidence interval was also calculated using equation 3.2

ﬁ—Za/z\]p%I<p<}3+Za/2\/p77q (3.2)

With o = 0.05 for a 95% confidence.

Work-sampling methods have been employed successfully in healthcare settings
since the early 1950s; one of the first examples of work-sampling found in hospitals was
intended to determine staff requirements at a surgical unit [78].Work-sampling has been

used in different departments of healthcare delivery systems; for example, it was used in
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an outpatient oncology unit to measure workload and to identify roles of oncology nurses
[75], in a pediatric emergency department to analyze patient’s wait times [79] and in
pharmacies to identify the proportion of time pharmacists spent on different tasks [76]
[77] [77,78]. It has been applied to nursing personnel [80] and to midlevel health
professionals [81] to provide a comprehensive description of the tasks associated with the
person’s workload.

NASA-TLX measured workload based on six dimensions mental demand,
physical demand, effort, frustration level, and performance. Table 3.1 provides a
summary of description for each dimension as well as the endpoints used in their
measuring scale [32]. This tool has been used in several situations to assess operator
workload in complex environments [31]. NASA- TLX uses a weighting procedure to
combine the six individual scale ratings into a global score; this procedure required a
paired comparison task to be performed prior to the workload assessments.

Figure 3.1 shows an example of the cards that are used to compare each
dimension. This procedure was done only one time in the beginning of the data
collection. Each card was shown one by one to the participants. The objective was to rate
the dimensions that have more impact over workload. Finally, Figure 3.2 shows an
example of the weight scale that was used during this project. This scale was given
randomly to participants who then valued the level of each dimension during a normal

workday.
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Table 3.1 Rating scale definitions and endpoints from the NASA-TLX

Title

Endpoints

Descriptions

Mental Demand Low/High

Physical Demand  Low/High

Temporal
Demand

Performance

Effort

Low/High

Good/Poor

Low/High

Frustration Level  Low High

How much mental and perceptual activity was required (e.g.
thinking, deciding, calculating, remembering, looking, searching,
etc.)? Was the task easy or demanding, simple or complex, exacting
or forgiving?

How much physical activity was required (e.g. pushing, pulling,
turning, controlling activating, etc.)? Was the task easy or
demanding, slow or brisk, slack or strenuous, restful or laborious?

How much time pressure did you feel due to the rate or pace which
the task or task elements occurred? Was the pace slow and leisurely
or rapid and frantic?

How successful do you think you were in accomplishing the goals of
the task set by the experiment? How satisfied were you with your
performance in accomplishing these goals?

How hard did you have to work (mentally and physically) to
accomplish your level of performance?

How insecure, discouraged, irritated, stressed, and annoyed versus
secure, gratified, content, relaxed, and complacent did you feel
during the task?

Effort

Or

Performance

Temporal Demand Physical Demand
Or Or
Frustration Frustration

Figure 3.1

An example of sources of workload comparison cards — NASA-TLX
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1. Thinking about all the activities that you perform, how would you rate the use of the following
skills?

Mental Demand How mentally demanding was the task?
I I I I | I I O
Very Low Very High

Physical Demand How physically demanding was the task?

I I I O | |
Very Low Very High

Temporal Demand How hurried or rushed was the pace of the task?
I O I | I I I I
Very Low Very High

Performance How successful were you in accomplishing what

you were asked to do?

Perfect Failure

Effort How hard did you have to work to accomplish
your level of performance?

Lttt v

Very Low Very High

Frustration How insecure, discouraged, imitated, stressed,
and annoyed wereyou?

Lottty
Very Low Very High

Figure 3.2 Rating sheet of NASA- TLX

Similarly SWAT was applied to measure workload into the infusion area. SWAT
is a subjective rating technique that uses three levels: low, medium, and high, the each
dimension of time load, mental effort and physiological stress load. Table 3.2 describes

in detail each dimension and raking scale of these dimensions.
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Table 3.2 SWAT rating scale dimensions.

Title Descriptions
Time Load (T) 1. Often have spare time. Interruptions or overlap among activities occur
infrequently or not at all
2. Occasionally, have spare time. Interruptions or overlap among activities
occur infrequently
3. Almost never, have spare time. Interruptions or overlap among

Mental Effort Load 1.

(E)

Physiological Stress 1.

Load (S)

activities are very frequently or occur all the time

Very little conscious mental effort or concentration required. Activity is
almost automatic requiring little or no attention.

Moderate conscious mental effort or concentration required.
Complexity is moderately high due to uncertainly, unpredictability, or
unfamiliarity. Considerable attention required.

Extensive mental effort and concentration are necessary. Very complex
activity requiring total attention

Little confusion, risk, frustration, or anxiety exist and can be easily
accommodated.

Moderate stress due to confusion frustration or anxiety noticeably adds
to workload. Significant compensation is required to maintain adequate
performance.

High to very intensive stress due to confusion, frustration, or anxiety.
High extreme determination and self-control required.

SWAT was divided in two phases scale development and event scoring [38]. The

scale development consisted of ranking the perception of the workload perception of

participants using all the possible combinations of the three levels for each of the three

dimensions. Each participant sorted the cards into the rank order that reflected his or her

perception. Figure 3.3 shows the cards that was shown to participants to rate the three

dimensions. The scale development phase was performed only one time at the beginning
of the data collection. In other words, participants used pairwise comparison to determine

between the three dimensions (T,E,S) what are perceived as the most important for each

of them.
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Time Load (T) Time Load (T) Mental Effort Load (E)
or Or or
Mental Effort Load (E) Physiological Stress Load (S) Physiological Stress Load (S)

Figure 3.3 PWC procedure for SWAT

The second phase, the event scoring was the actual rating of workload for a given
task. This phase was performed randomly during workdays. Even though SWAT has
been considered very suitable as a mental workload technique, it has been constantly
criticized as having low sensitivity for low mental workloads. In addition, it has been
criticized for the time-consuming requirements for scale development (card sorting pre-
task procedure).

The present research used a variant in the methodology with the objective to
increase the sensitivity and reduce the time consuming requirements of its application.
Luximon and Goonetillek [82] presented five variations of SWAT as an effort to
overcome its limitations. The proposed research used the continuous SWAT (C-SWAT)
dimensions proposed by the authors. This methodology uses a scale with minimum
weight equal to zero (Wo) and a maximum equal to five (Ws). Figure 3.4 shows the
weight scale for dimensions that are ranked between zero (0) to five (5) according on
workload level, where zero (0) corresponds to the lowest level of workload and five (5)
the highest level of workload perceived by participants. The proposed research
incorporated two more levels (from 3 to five) in the dimension scale with the purpose to

increase the sensitivity of this tool.
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Day: Time: Activity: Participant’s code:

1. Thinking about the activity that you just performed, how would you rate the use of the following
cognitive skills? Use a rate values between 0 to 5, where O is lower level and 5 is highest level.

Cogpnitive Skill Level

Time Load (T)

Mental Effort Load (E)

Physiological Stress Load (S)

Figure 3.4 Rating sheet of SWAT

Task 2- Measuring Physiological
Response of Nurses and Pharmacist

Some studies have doubted the ability of people to report on their cognitive
process which implies a possible dissonance in self-perception of the cognitive process
[83]. In order to reduce the uncertainty generated at the moment that nurses or
pharmacist report the perception of the workload, the present study measured the
physiological responses of participants during the performance of the tasks with the
objective to validate the responses obtained by the subjective tools (NASA-TLX and
SWAT). Table 3.3 summarizes the main features of different devices, and compiles a
synthesis of the previous research papers where these devices have been used to measure

physiological responses.
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Table 3.3 Physiological measures devices

Devices Company General FDA Papers related to Physical Authors
Description Approval measures
ViSi Sotera ECG, heart/pulse rate,  FDA The authors discussed here the Welch, Moon,
Mobile Wireless SpO2, blood pressure Cleared development of one example of and McCombie
System (cuff-based and now a wireless on-body digital [85].
also cuff less on a architecture, that enables Sempeles [86].
beat-to-beat basis), ambulatory continuous vital Skelton [87].
respiration rate, skin signs monitoring, to highlight
temperature. the possibility of designing for
Placement chest and alarm management, cost Zhang et al. [84].
arm efficiency, and wear- ability [85-
87] The authors investigated
some of the challenges faced by
a body worn using of a
continuous noninvasive blood
pressure on patients undergoing
surgery [84]
The The Physiological or FDA The authors reported on the Hood et al. [88].
BioRadio™  BioRadio™ transducer signal Cleared implementation of a non-
including ECG, EMG, invasive
EEG, respiration, electroencephalography-based
force, blood pressure brain-computer interface to
and more. Placement control functions of a car in a Zihni el al. [89].
arm driving simulator [88].
The authors utilized surface
electromyography EMG to
describe a method for
identifying ergonomic
differences between
laparoscopic and robotic
platforms using validated task
[89]
Equivital™  Equivital ECG, HR,IBI, FDA The authors described the Seoane et al.
TnR Respiratory rate, Skin Cleared multiparametric sensorized [90]
and core temperature. garments and measurement Seoane et al.
Galvanic skin instrumentation implemented of ~ [91].
response, tri axis a project that required to
accelerometer, SpO2 evaluate physiological indicators
and PPG. Placement and recording candidates that
Biohearness can be useful for detection of
mental stress [91,92].
Bioharness  Zephyr Heart Rate, R-R FDA The construction environment Lee and
3 Technology Interval, ECG, Cleared affects workers' physical Migliaccio [92].
Respiration, responses as well as individual

Accelerometry,
Posture, Activity
Level. Placement
Biohearness

and crew-level performance, in
other words, they analyzed the
relationship between worker
performance and severe
environments [92].

The study investigated
physiological responses during
an on-road driving task for older
and younger drivers [93]

Koppel et al.
[93].

After a comparative study between the devices, Equivital™ TnR [94]was chosen.

The system was not the most economic, however, it gives several advantages that the
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others didn’t offer such as very high data quality with very low data loss rates, light-
weight and comfortable to wear, flexible software platforms, and the opportunity to
adapt more accessories to measure other responses that permits its use for future research
projects. The Equivital system consists of a belt and electrodes that participants used
during their workday. The Equivital™ TnR is an FDA approved equipment which has
been validated in previous researcher studies [95] [96] [97] [98] [99].

Figures 3.5 presents how the chest belt and EQO02 device was placed in
participants. The belts were adjusted to the size of each participant, and the data was sent
to the computer using a Bluetooth connection which gives the participants free mobility
and the capacity to perform any regular task without interruptions. Data was used only
with the purpose of measuring workload. All recorded data was kept confidential, only
the researchers had access to the collected data. The data was processed by two types of
software, the Equivital Manager (version 1.2) and the Equivital Professional (version 1.2)
which permits data collection in real time and also data exportation to Excel for

subsequent analysis.

Figure 3.5 Equivital™ TnR [94]
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The use of the system requires following very specific steps which are

1. Calibration this step compiles information of age and weigh of the participants. This
steps is of vital importance to calculate and evaluate the energy expenditure and heart
rate variation of the participants.

2. Placement the use of the correct chest belt size is essential to obtain correct readings.
The belt cannot be too tight or lose. The electrodes most be moistened with clean
water before placing the chest belt. The EQO02 device cannot be connected before to
place it into the chest belt.

3. Transmit the EQO2 device senses, records, monitors and intelligently processes data

captured from the participants and is able to transmit using Bluetooth connection.

Task 3- Validation

Despite of the applicability of workload measurements, the validation represents
an effort to prove that NASA-TLX, SWAT, and physiological responses can be used to
provide a valid prediction of workload of nurses and pharmacists. The proposal study was
divided this task in two parts. The first part studies the relationship between both
perceptual methodologies, NASA-TLX and SWAT, and the second part studies the
relationship between perceptual methodology and physiological responses. The
association of the covariates to workload was assessed using Pearson’s correlation

coefficient or 2-sample t test depending on limitation of the data.
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Task 4-Simulation Model

A discrete event simulation model was developed to achieve two main purposes.
First, it validated the mathematical model and second analyzed different scheduling
polices. The simulation represents a detailed model of the patient flow, information flow,
resource interactions, and the task requirements of the infusion area. The simulation
considers nurses and pharmacist as limited resources. The simulation was developed
using ARENA (version 14.0) and output data was analyzed using Excel and Minitab.
Historical data and direct observations were used to establish the input necessary for the
model. A comparative study was performed using the simulation to compare different

scheduling polices proposed in this study.

Task 5- Mathematical Model

A deterministic model was developed to determine the optimal schedule policies
oriented to increase the utilization of the resources, increase the capacity of the infusion
area, and balance the workload of human resources. The model considers workload

concept as key in balancing of resources.

Task 6- Develop and Analyze Scheduling Models

The scheduling model for outpatient clinics faces several challenges which make
the system design a complex problem. It involves multiple stakeholders, sequential
booking process, random arrivals, no-shows, varying degrees of urgency of different

patients’ needs, service time variability, and patient and provider preferences.
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This study included the scheduling models concepts which have been addressed

independently by other studies such as operation management and human resources

workload. The operation management concepts will be used with the purpose of

improving processes in the system and to help balance of the usage of cancer center

resources. Also, this research added constraints related to human resources workload.

The new model considered the human resources in department such as pharmacy and

nursing.

Research Scope

The following assumptions were made to assist in creating boundaries around the

research scope.

1.

No-shows or cancellations were not part of this research. Currently the clinic where
the study was conducted has a low rate of no-shows and last-minute cancellations.
Delays are not significant in patient arrival time.

Overbooking resources is not allowed.

Patients got the treatment they came for and no complication happened during
treatment. The study uses average total time.

Resources were fixed throughout the day (i.e. same number of nurses, chairs, and
pharmacists).

This research was conducted in the infusion area, and did not consider consult area as

a part of the study.
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CHAPTER 4

DEVELOPMENT OF MENTAL WORKLOAD CONSTRAINT

This chapter was divided in three sections. The first section compares the results
obtained from applying the NASA-TLX and C-SWAT to nurses and pharmacists in the
infusion area of the Cancer Center. Subsequently, the second section compares two
different weight assignment techniques to calculate NASA-TLX scores. Finally, the third
section discusses the derivation of the mental workload constraint taking into
consideration NASA-TLX scores, number of patients, acuity, heart rate, breathing rate,
and ECG. The purpose of this chapter is to determine the maximum number of patients a
nurse is capable of handling without exceeding certain mental workload levels. This
section was developed to give a response to research hypotheses one through four. Figure

4.1 shows a general description of this chapter.

Chapter 3 Chapter 5
Methodology Mathematical
and Data Model

Collection

@ Chapter 4: Development Of Mental Workload Constraint

. Comparing two different
Ccomparing C- :ll > weight assignment
SWAT and NASA- 9 9 :l> Mental Workload
TLX techniques to calculate Constraint
NASA-TLX scores
HO2: HO3: HO1:
The workload The workload Physiological responses and

measurements obtained
from NASA-TXL are
correlated to SWAT
measurements

measurements obtained
from NASA-TXL are
similar to the
measurement obtained
from the equal weight
calculation method

number of patients seen
during the day in infusion
area are correlated.

HO4:

The workload measurements
obtained from the NASA-TXL
and the physiological
responses are correlated.

Figure 4.1 General description Chapter 4
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Comparing C-SWAT and NASA-TLX

This section discusses a comparison between NASA-TLX and C-SWAT. The
purpose of the comparison was to decide which of the subjective workload tools to
include in the derivation of the mental workload constraint. The analysis in this section
focused on two aspects it first compared the overall results between NASA-TLX and C-
SWAT, and then it compared each individual dimension for both tests.

The overall mental workload scores obtained from NASA- TLX and C-SWAT
were used to correlate the results obtained from both techniques. Figure 4.2 presents the
workload values obtained from the nurses at the infusion area of the Cancer Center. The
results show a similarity between the C-SWAT and the NASA-TLX for the overall
mental workload scores. However, although the figure shows very similar trends from
both tools, this information is not enough to conclude that both tools measure the same

factors or dimensions.
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Workload levels from NASA -TLX and C-SWAT
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Figure 4.2 C-SWAT and NASA-TLX values obtained from the nurses at the infusion
area

A Pearson product-moment correlation coefficient was computed to assess the
relationship between C-SWAT and NASA-TLX. Figure 4.3 summarizes the results
obtained from the analysis. Results showed a positive correlation between the two
variables (p= 0.691; n= 147; p-value = 0.0001). Overall, there was a positive correlation
between both methods; however, the correlation value was not exceptionally high which

suggests differences between both instruments.
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Scatterplot of C-SWAT vs NASA-TLX
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Figure 4.3 Scatterplot of C-SWAT vs NASA-TLX

Since it was of interest to explore the possibility of using C-SWAT as a tool to
predict NASA-TLX, a regression analysis was performed using C-SWAT as the predictor
and NASA-TLX as the response. The purpose for this analysis was to explore the
possibility of substituting NASA-TLX with C-SWAT in future research studies as SWAT
has fewer dimensions and thus requires fewer questions to be asked during tasks. The
regression analysis on the overall mental workload scores showed a significant value of
C-SWAT as a predictor of the NASA-TLX response. Table 4.1 shows the results
obtained from the regression analysis where C-SWAT is a significant factor with a p-

value of 0.021 (significance level of 0.05)

Table 4.1 Regression analysis; NASA-TLX vs C-SWAT

Source DF Adj SS Adj MS F-Value P-value
Regression 2 31206.6 15603.3 65.89 0.000
C-SWAT 1 1287.5 1287.5 5.44 0.021
C-SWAT*C-SWAT 1 0 0 0 0.992
Error 144 34102.3 236.8
Lack of fit 30 6772.8 255.8 0.94 0.559
Pure Error 114 27329.5 239.7

Total 146 65308.9
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Regression Equation
NASA —TXL = —0.36 + 0.796 C — SWAT + 0.00003 C — SWAT * C — SWAT (4.1)
The previous results support the hypothesis that there is a correlation between the
results of both perceptual tools. However, the model showed a coefficient of variation
(R?) of 47.78% which suggests that C-SWAT doesn’t account for the majority of the

variability that NASA-TLX presented.

Table 4.2 Summary of Pearson correlation between C-SWAT vs NASA-TLX
dimensions

C- SWAT Dimensions
g;ﬁéﬁ;ﬁ)‘;\? Time Load (T) Mental Effort Load (E) g?r);isoll_oc?;gils)
Mental Demand 0.787 0.805 0.770
Physical Demand 0.839 0.763 0.768
Temporal Demand 0.873 0.801 0.736
Performance 0.327 0.505 0.384
Effort 0.830 0.829 0.764
Frustration Level 0.700 0.629 0.698

Consequently, it was imperative to perform an additional analysis to understand if
the three dimensions of SWAT were enough to capture the same information NASA-
TLX gathers with its six dimensions. To have a better understanding of the relationship
between the different dimensions of both tools, a correlation analysis was performed
breaking down each tool in their different dimensions. Table 4.2 summarizes the
correlation analysis between the three dimensions of C-SWAT and the six dimensions of

NASA-TLX. The results show a strong positive relation between all the dimensions
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except for the three dimensions of C-SWAT against the NASA-TLX dimension of
performance.
A principal component analysis (PCA) was performed to explore the possibility

of finding a better model to predict the relationship between the NASA-TLX and C-
SWAT dimensions. Figure 4.4 presents the results from the PCA where it shows that five
out of the six dimensions of NASA-TLX follow the same trends as the three dimensions
of C-SWAT. Once again, the dimension of performance was weakly related to any C-
SWAT dimension measure.

It was decided then to explore any possible non-linear relationships between the
dimensions of one method and their ability to predict the total score of the other one. For
example, one analysis used NASA-TLX scores as a response and the three dimensions of

C-SWAT as independent variables.
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Figure 4.4 PCA between NASA-TLX and C-SWAT dimensions
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Modern nonparametric regression analysis can be used to model non-linear
behavior without prior specification to the form of data behavior. Multi Adaptive
Regression Spines (MARS) was used as it is a modern nonparametric regression analysis
method [100]. It was developed to be used for data analysis and to build flexible models
by fitting piecewise linear regression. The method was used to compare the dimensions
of NASA-TLX and C-SWAT and their capacity to predict the behavior of each other.
MARS uses Generalized Cross Validation (GCV) to compare the performance of
obtained models, lower values of GCV are better. The GCV can be considered as a form
of regularization by trading off goodness-of-fit against model complexity. Table 4.3
summarizes GCV and R? for both models.

It can be observed from table 3 that the MARS model that uses NASA-TLX
dimensions to predict SWAT dimensions represents a better model with a smaller GCV
and higher R2. This implies that NASA-TLX is a better predictor of C-SWAT than the C-
SWAT is for NASA-TLX. An in-depth analysis revealed that the three dimensions of C-
SWAT, time load, mental effort load, and physiological stress, are important for
predicting NASA-TLX results; however, the dimensions such as performance and
frustration of the NASA-TLX are not represented in the scores obtained from SWAT.

Tables 4.4 and 4.5 summarize these results.

Table 4.3 Summary of MARS GCV and R?

Model error NASA-TLX Dimensions to predict | SWAT Dimensions to predict
measures SWAT results NASA-TLX results

GCV 155.5133 409.8897

R? 0.89996 0.35441
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Table 4.4 The significance level of meaningful explanatory variables in the model C-
SWAT dimensions to predict NASA-TLX results

Dimensions Score

Time Load 100.00 (I
Mental Effort Load 95.77 (I
Physiological Stress 91.33 I

Table 4.5 The significance level of meaningful explanatory variable in the model NASA-
TLX dimensions to predict C-SWAT results

Dimensions Score

Mental Demand 100.00 (EERTAENLE
Effort 85.92 HFEEER
Temporal Demand 67.78 (AL
Physical Demand 65.83 I
Performance 60.03 (T
Frustration 57.73 T

The results obtained from the analysis showed that for this particular setting, the
individual dimension scores obtained from NASA-TLX can be used to predict the total
score of C-SWAT; however, it is not true the other way around. The results show that
SWAT fails to include the dimensions of performance and frustration and weakly include
the dimensions of physical and temporal demand.

From the analysis, it could be concluded that although both tools were designed to
measure subjective workload, they are not completely alike. The results showed NASA-
TLX was a better predictor for C-SWAT than C-SWAT was to NASA-TLX. In other
words, NASA-TLX covers all the dimensions that are measured by C-SWAT. The results
also suggest that a difference between both tools is found in the fact that C-SWAT
doesn’t have the capability to integrate the perception of performance and frustration.

Therefore, C-SWAT could be used in studies where these dimensions do not represent
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important factors for the study; alternatively, additional tools should be incorporated to
include these factors.
As a result of the discoveries made through the different analyses, it was decided
to use the measurements of mental workload obtained by applying NASA-TLX and to
drop the C-SWAT values.

Comparing Two Different Weight Assignment
Techniques to Calculate NASA-TLX Scores

After selecting the NASA-TLX as the measurement tool for mental workload, the
next objective was to determine a weighting scheme to calculate the total score for
NASA-TLX. As previously mentioned, the literature presents two methods to calculate
the percentage of workload one method assigns equal weights to all six dimensions while
the other method assigs weights determined by participant preferences. The method
involving preferences requires an extra step in the procedure in order to combine the six
individual scale ratings into a global score; the extra step requires a paired comparison
task to be performed prior to the workload assessments. The equal weights method
assigns the same weight to all six dimensions and thus, does not require pair-wise
comparisons.

Similar to the previous analysis, a comparative study was conducted to determine
which weight scheme to use. A total of seven nurses, four pharmacists and two
technicians participated in the study, which represents 100% of the staff assigned to this
area. Before the data collection, the researcher conducted pair-wise comparisons of the

different dimensions to each of the participants.
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The data collection process resulted in a total of 428 observations. The researcher
then estimated the NASA-TLX final score using both weight schemes. A correlation
analysis was conducted to compare the scores obtained with preference weight and with
equal weight (NASA-TLXEW). Previous studies have reported no differences between
the two weight schemes [42] [101] [102]. However, the studies were applied in controlled
environments and only showed the correlation of the overall indicator without
mentioning the effect over the particular dimensions. The study reported here was
applied in a real healthcare setting on a normal day of work (non-controlled
environment).

Pearson's correlation coefficient (p) was used to measure the strength of the
association between these two values obtained using both methodologies. Figure 4.5
shows a positive association between the NASA-TLX with preference weight and
NASA-TLXEW. Additionally, a correlation test was performed using the statistical
package R (version 3.1.2). The test shows a correlation p = 0.9476 with p-value < 2.2e-16
and a 95% confidence interval of 0.9370 < r < 0.9565. The result suggested a strong
linear and positive association between the overall result of NASA-TLX and NASA-
TLXEW. In other words, the study didn’t find a significant difference in the results
obtained using preference weights or versus equal weights for the NASA-TLX overall

score.
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Scatterplot of NASA-TLX vs MASA TLX EW
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Figure 4.5 Scatterplot NASA-TLX weight vs NASA-TLX equal weight

After this analysis the individual dimensions were compared for NASA-TLX
(preference weights) versus NASA-TLXEW (equal weights). The results showed that for
each individual dimension, there were low levels of correlations between NASA-TLX
and NASA-TLXEW. Figures 4.6 to 4.11 show low correlations between each one of

NASA-TLX dimensions.
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Figure 4.6 Mental demand weight vs. mental demand equal weight
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Scatterplot Physical Demand vs Physical Demand EW
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Figure 4.7 Physical demand weight vs. physical demand equal weight
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Figure 4.8 Temporal demand weight vs. temporal demand equal weight
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Figure 4.9 Performance weight vs. performance equal weight
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Scartterplot Effort vs Effort EW
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Figure 4.10 Effort weight vs. effort equal weight
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Figure 4.11 Frustration weight vs. frustration equal weight

From the analysis, it can be concluded that for this research, there was no
significant difference between the overall score of NASA-TLX using preference weight
or equal weight. However, there is no correlation between the values for each dimension
at the individual level. Consequently, NASA-TLXEW could be used in cases where the
individual analysis of a dimension is not relevant which will eliminate one step in the
methodology. On the other hand, if researchers are interested in considering one or more
dimensions independently, then the preference weights would be a better approach. With

respect to the present study, NASA-TLXEW was used since the mental workload
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constraint will be emphasizing on the total mental workload score rather than treating

each dimension independently.

Mental Workload Constraint

The objective of this section was to develop a constraint which would limit the
number of patients per nurse without overloading the capacity and the performance of
each nurse. It is important to recall that this study was pursued in a real setting which led
to some limitations in the process of collecting data. The data collection days were
scheduled in agreement with the nurse manager, with the ultimate goal of avoiding
unnecessary distractions and interruptions.

Since the data came from a longitudinal study, which contained both variation
within subjects (over time) and between subjects, this work might present some
limitations in generalizing the results into other settings. However, the methodology is
applicable to any setting which is why it was important to decide the appropriate mental
workload assessment tool as well as the weighing scheme. In other words, in the future,
researchers may want to assess their nurses’ mental workload by following the procedure
explained here, which recommends using NASA-TLX and equal weights. Similarly, the
development of the mental workload constraint can follow the procedure explained here.

After deciding on the mental workload assessment tool and the weighting scheme
to estimate the total score, the researcher was ready to develop the mental workload
constraint. For the model development, the researchers used 131 observations from the

seven nurses at the infusion area. The variables of interest for each observation were
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heart rate, ECG, breathing rate, number of patients present, acuity, and nurses’ ID as
independent variables, and NASA-TLX as the dependent variable. Acuity level is defined
as the level of severity of the illness. This is one of the parameters considered in the
patient classification system used for the allocation of nursing staff at the cancer center.
Therefore, it was important to consider this variable in the model.

Initially, this study explored the possibility of using mixed model statistical
analysis to explain the relationship of the variables and reduce the possible random
effects. Although a mixed model could absorb better the variability generated by nurses,
it could also imply that the mathematical model would need to be specific to each nurse.
Instead, it was decided to use a linear model which represented an advantage on the
applicability of the model. Therefore, multiple regression was used to develop a
constraint that would describe the relationship of mental workload levels with variables
such as physiological response, number of patients and acuity.

However, upon further analysis it was discovered that the complexity of the data
that measures stress and mental workload resulted in two explanatory variables correlated
among each other. Table 4.6 summarizes p values (Pearson's correlation) and level of
significance of the values (p-values). From the table, it can be seen that there was a
positive strong correlation between the number of patients and the acuity level with p =
0.927 (p — value = 0.000). As expected, if nurses increase the number of patients they

take care of, that will have an impact over the acuity level managed by them.
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Table 4.6 Correlation summary (with p-value in parenthesis)

Variables No of Patients Acuity Hearth Rate | Breath Rate | ECG
NASA-TLX 0.197 0.253 -0.294 0.434 0.098
(0.024) 0.003 0.001 0.000 0.263

No of Patients | - 0.927 0.060 0.176 0.092
0.000 0.496 0.043 0.295

Acuity - - 0.068 0.144 0.019
0.438 0.098 0.825

Hearth Rate - - - 0.163 0.610
0.061 0.001

Breath Rate - - - - 0.442
0.000

This multicollinearity limited the analysis because this effect on the response can
be due to either true synergistic relationships among the variables or spurious correlations
[103]. To avoid these possible problems, the acuity level variable was removed from the
modeling of this human factor constraint. Nevertheless, the acuity level is an important
variable on the overall model; hence, it will be included in the general mathematical
model as an individual constraint, which will be explained in detail in the next chapter.

In light of the previous considerations, a regression model was calculated to
predict mental workload (NASA-TLX) based on number of patients, hearth rate (HR),
breathing rate (BR), and ECG. A significant regression equation was found with an R?of

36.47%. Tables 7 and 8 summarize the result of the analysis of variance.

Table 4.7 Regression analysis of NASA-TLX

Source DF F-Value P-value
Regression 4 18.23 0.000
# of Patients 1 3.67 0.058
HR (bpm) 1 30.94 0.000
BR (bpm) 1 24.84 0.000
ECG (bpm) 1 3.99 0.078
Error 127

Total 131
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Table 4.8 Coefficients

Term Coef P-Value VIF
Constant 22.00 0.086

No of Patients 3.83 0.058 1.03
HR (bpm) -0.710 0.000 1.51
BR (rpm) 3.002 0.000 1.34
ECG BR (rpm) 1.105 0.048 1.89

Table 4.8 shows that the coefficients are significant for the model with a p-value
< 0.1. Also, Variance Inflection Factors (VIF) are less than 2 indicating a satisfactory
multicollinearity among independent variables. Based on this model, the calculation of
number of patients was performed using standard values for NASA-TLX level, HR, BR
and ECG, which were obtained from the literature and data collection. The following
equation summarizes the regression model.

NASA — TLX = 22 + 3.83(# of patients) — 0.710(HR) + 3.002(BR) + 1.105(ECG) (4.2)

According a John Hopkins’s report about the normal vital values, the normal
pulse for healthy adults ranges from 60 to 100 beats per minute. This research considered
a HR of 70 beats per minute. Other values such as BR and ECG were 19 and 20
respectively. These values used for HR, BR and ECG are considered standard values for
a healthy adult. Meanwhile, determining the value of NASA-TLX was more complex
since the literature does not establish a value that could be considered normal or high
[104].

Therefore, this study used the measurements obtained from the data collection as
a reference. The level of NASA-TLX was calculated using the 80"percentile of data
which corresponds to a workload value of 61.66%, as shown in Table 4.9. Based on

Pareto principle, the top 20™" percentile accounts for approximately 80% of the times that
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the nurses worked on overload conditions. In essence, values of NASA-TLX over the 80
percentile (top 20% of observed workload levels) represent high workload levels which
might be accepted for small time periods but not values recommended to be sustained
throughout the entire work day. The objective was to guarantee a manageable NASA-

TLX level for nurses in this setting throughout the day.

Table 4.9 Workload level on 80% percentile

Observation # Percentile of Mental Workload Score
observations (NASA-TLX EW)
104 78.20% 60.33%
105 79.95% 61.00%
106 79.70% 61.66%
107 80.45% 61.66%
108 81.20% 62.50%
109 81.95% 63.33%

Substituting values into the equation yields
61.66 = 22 + 3.83 (# of patients) — 0.710(70) + 3.002(19) + 1.105(19) (4.3)
After the calculation, the maximum number of patients that should be assigned to
a nurse is 2.87 persons. This value was approximated to 3 which, referring back to table
9, represents a workload level of 62.175 located between 80.45% and 81.20% percentile.
In conclusion, in order to limit the level of mental workload for nurses in the
current setting to no higher than 81.2% of the observed instances it is necessary to assign
up to three patients per nurse at any given time. This value will be part of the capacity

constraint for the mathematical model that will be discussed in Chapter 5.
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CHAPTER 5

MATHEMATICAL MODEL

This research study developed an optimization model for the infusion area at the
Bozeman Deaconess Cancer Center, and established general assumptions and restrictions
to design scheduling policies for patient appointments. A linear model was developed to
obtain optimal schedules for the system. The present chapter was divided in four sections.
The first section describes the infusion area and establishes the parameters used in the
model. The second section explains the model and the associated constraints. The third
compares the actual schedules used by the staff at the cancer center against the proposed
schedules generated by the mathematical model. Finally, the last section establishes the
maximum capacity of the infusion area per each patient mix. Figure 5.1 shows a general

description of this chapter
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Figure 5.1 General description Chapter 5
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General Description

Previously, chapter 1 explained how the cancer center operates and the general
flow of patients through the system. However, it is necessary to expand on the
explanation of the complexity of the process at the infusion area in order to facilitate a
better understanding of the mathematical model.

The infusion area is a complex system that requires a variety of resources and a
logical sequence of steps. Generally, patient arrivals follow an appointment system, and
they are scheduled between 8:00 am and 4:00 pm. The cancer center uses 20-minute time
slots to generate the patient schedules; this means that all the resources are planned using
these time slots as a base.

The day before the appointment, the head nurse assigns an acuity level to each
patient and also distributes patients according to nurses’ availability. The area has 19
infusion chairs, five nurses, and two pharmacists available every day. This research
classified patients into one of 12 types based on the length of infusion treatment as
presented in Table 5.1.

The constraints for the model were divided into three categories. The first
categories were related to logical constraints such as only one patient per chair during
treatment at the same time, no overtime, and patient mix which determined the number of

patients by type that would arrive into the system on a day.
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Table 5.1 Patient type based on duration of the treatment

Patient Expected No. of 20-min
Type treatment time slots
(min)
Type 1 20 1
Type 2 40 2
Type 3 60 3
Type 4 80 4
Type 5 100 5
Type 6 120 6
Type 7 160 8
Type 8 180 9
Type 9 220 11
Type 10 320 16
Type 11 380 19
Type 12 420 21

The second category determined the capacity of the system, for example time
available for the area, number of chairs, and number of nurses and pharmacists in the
system. Finally, the human factor constraints were oriented to consider the mental
workload and the capacity of nurses and pharmacists, patient acuity assignment,
uninterrupted lunch times, and the maximum level of acuity that could be assigned to a
nurse on a given day and at any point in time within that day. The following section
presents the mathematical model and explains variables, indices, and constraints used in

the optimization model.



59

Mathematical Model

Indices
i Index representing chair number (ID chairs); i € {1,2, ...,19}
j Index representing patient type (treatment duration); j € {1, 2, ..., 12}
t Index representing 20-min. time slot (t=1 for 8 00AM, t=2 for 8 20AM, etc.); t €
{1,2,...,28}
a Index representing acuity level; a€ {1, 2, ..., 5}
n Index representing each nurse; n€ {1,2,...,5}
Parameters
¢ Total number of chairs available (c=19)
p Total number of patient types according to treatment duration (p=12)
k Last time slot at which new arrivals can be scheduled (k=23; this represents 3 40PM
and thus no new arrivals after 4 00PM)
b Total number of acuity levels (b=5)
r Total number of nurses available at the infusion area (r=5)
f Total number of pharmacists available at the infusion area (f=2)
p; Number of type j patients arriving into the system daily (patient mix)
Variables
1 if for chair i, a patient of type j begins treatment at period t, with acuity level a and nurse n;

Yijtan
0 otherwise

1 if for chair i, a patient of type j continues treatment at period ¢; with acuity level a and nurse n;
Xijtan
0 otherwise
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Objective Function

Subject to

Patient type continuity

forj=1 Xijtan =0 vV itan
t+j-1

forj=2 Z xijuan=(j—1)yijmn Vij=22t<u—j+1lan
u=t+1

No more than one patient per chair at any point in time

b T

P b r 14
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c P b r
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P b
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(5.9)



61

Total acuity level per nurse in a day

c P k b
Z AYijtan < 20 vn (5.10)
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i=1 j=1t=1a=4n=1 i=1 j=1t=1a=4n=1
c 12 k 3 r c 12 k 3 r
Z Z yijtan + z z xijtan =0 (512)
i=1 j=9 t=1a=1n=1 i=1 j=9 t=1a=1n=1

Objective Function Description

The objective function seeks to maximize the number of patients that the infusion
area of the cancer center can handle at any given day. Hence, equation 5.1 only contains
the variable representing a patient beginning treatment in a day and the final value of z

represents the total number of patients to be scheduled for a particular day.

c P r

max z = ‘ zzk:zb: Vijtan (5.1)

i=1 j=1t=1a=1n=1

Constraints Description

Constraints 5.2 and 5.3 were designed to guarantee the continuity of patients in
the system. These constraints allow for the model to recognize the patient in the system;
and hence to hold the same resources (such as chairs, pharmacist and nurses) for that
patient until departure time.

forj=1 Xijtan =0 vV itan (5.2)
t+j—1

forj=2 Z Xijuan = U — DYijean Vij=z2t<u—j+1lan (5.3)

u=t+1
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For example, a patient type 3 (j=3; treatment=60 minutes) with acuity level 1
(a=1) arrives into the infusion area at 8:20 AM (t=2) and is assigned to chair 1 (i=1) and
nurse 2 (n=2). This arrival is represented by yis212 =1. According to the type, this patient
must remain in the same chair with the same nurse for time periods 8:40AM (t=3) to
9:00AM (t=4) and then depart at 9:20 AM. According to the previous statement, the
following must be true then Xi3312 = X13412 = 1. Alternatively, it can be written as xi3312 +
X13412 = 2. This continuity is achieved by constraint 5.3.

Constraint 5.2 ensures there is no continuity for type 1 patients as they are
scheduled to be at the infusion area only for 20-minutes, and hence, this time period is
covered by the y variable.

Constraint 5.4 ensures that for any time period once a chair is assigned to a
patient, either a new or a continuing patient, the chair is not assigned to any other patient

at the same time. On other words, at most one patient at any time in any chair.

T 14

b b r
zzxijtan +zzzyijtan <1 v i't (5-4)

a=1n=1 j=la=1n=1

2.

P
=
Constraints 5.5 and 5.6 incorporated the human factor analysis. The value
determining the capacity of nurses and pharmacists was calculated based on elements
such as mental workload and stress using NASA-TLX and physiological response as

discussed in Chapter 4. For example, constraint 5.5 states that each nurse should be

receiving no more than three new patients at any point in time.

P b
ZZ Vijtan S 31Vt (5.5)
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b T

' izzyijtan <2f vt (5.6)

i=1 j=1a=1n=1

[

Constraint 5.7 considered the change on the demand per type of patients on a
given day. In other words, since the cancer center has high variability in the patient mix,
this constraint permits the mathematical model to change the patient mixes for further

explorations.

k b
ZZZ)’Umn 2 pj vj (5.7)

Constraint 5.8 is related to operational polices which could be different for other
settings. The current policy at the cancer center does not permit patient arrivals during

lunch time, and it is between time slots 13 to 15 on each day.

15 b r

i > Vitan =0 (58)

i=1 j=1t=13 a=1n=1

c

The next constraints were built to consider the acuity system used to classify
patients according to the level of complexity in order to assign patients equitably among
nurses. The acuity score is a discrete number between 1 and 5, where 1 corresponds to a
low complexity, and 5 corresponds to a high complexity. Consequently, patients are
assigned to nurses following these rules.

The total acuity of patients assigned to a nurse (new and continuing patients) at any time

should be less or equal to 15 at any point in time.

c P b
Z Z WYijean + ZZ Z Wjean <15 Vi (5.9)

c P b
i=1 j=1

a=1 i=1 j=1a=1
The cumulative acuity score of patients assigned to a nurse on a given day should

be less or equal to 20.
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b

Pk
ZZ Z AYijtan < 20 vn (5.10)

i=1 j=1t=1a=1

c

Acuity represents the aggressiveness of a treatment which is related to the quantity and
intensity of drugs that a patient receives in a chemo section, and therefore, acuity is
considered to have a high relation to the length of the treatment. In other words, the
acuity level is tied to patient type. Table 5.2 summarizes the probabilities of occurrence

of acuity score for each type of patient according to historical data from the cancer center.

Table 5.2 Acuity matrix

Acuity Level
Patient Type 1 2 3 4 5
Type 1 67% 32% 2% 0% 0%
Type 2 63% 35% 1% 0% 0%
Type 3 62% 34% 5% 0% 0%
Type 4 5% 71% 24% 0% 0%
Type 5 2% 63% 35% 0% 0%
Type 6 1% 16% 69% 6% 7%
Type 7 1% 5% 62% 31% 1%
Type 8 1% 1% 27% 58% 13%
Type 9 0% 0% 0% 18% 82%
Type 10 0% 0% 0% 0% 100%
Type 11 0% 0% 0% 6% 94%
Type 12 0% 0% 0% 0% 100%

Therefore, constraints 5.11 and 5.12 were developed to assign patient acuity

scores using the probability that a patient type has for each acuity level.

5 k b 5 k b

ZZ Z Yijtan T ZZ Z Xijtan = 0 (5.11)
k 3 r k 3

Z Z Z Yijtan T Z Z Xijtan = 0 (5.12)



65
As a result, patient types 1 through 5 show a probability of zero for acuity levels
four and five. Similarly, patient types 9 through 12, which are the longest treatment
durations, show a probability of zero acuity levels one through three. Constraints 5.11

and 5.12 guaranteed that these conditions were met.

Model Output

The mathematical model was solved using a General Algebraic Modeling System
(GAMS) software (version 24.1.2). The GAMS code is included in Appendix A. GAMS
is a high-level modeling system which consists of a language compiler and a stable of
integrated high-performance solvers. GAMS is tailored for complex, large scale modeling
applications, and allows the user to build large maintainable models that can be adapted
quickly to new situations [105]. For the purpose of this research study, CPLEX was used
as the optimizer solver behind GAMS.

In order to test the mathematical model, ten days obtained randomly from
historical data were considered. This information was used to build the actual (original)
schedule which represents how patients were actually scheduled in that day. Likewise,
this information was used as input for the mathematical model to establish a proposed
schedule for each day. The aim was to compare these results using the original schedule
and the proposed schedule. According to the data obtained for each of the ten days, a
patient mix was determined for each of the days as presented in Table 5.3.

Once GAMS ran the mathematical model, it provided an xIs output with the

solution similar to the one shown in Figure 5.2. The first column (A) represents the chair
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number that is assigned to a patient; the second column (B) corresponds to patient type
that is arriving. Column C represents the time slot of the patient arrival whereas column

D corresponds to the acuity level of the scheduled patient.

Table 5.3 Patient mix per day

Day
Patient Type 1 2 3 4 5 6 7 8 9 10
Type 1 5 3 2 1 1 4 6 3 2 3
Type 2 2 1 0 1 0 1 2 0 0 2
Type 3 4 5 3 6 3 5 6 5 2 7
Type 4 0 0 0 0 0 0 0 0 0 0
Type 5 3 1 2 1 1 0 0 1 2 1
Type 6 3 3 3 3 3 2 3 2 4 4
Type 7 1 0 4 3 4 1 1 4 1 0
Type 8 4 2 4 2 2 0 3 3 1 3
Type9 0 7 8 3 2 2 5 2 3 0
Type 10 5 5 2 1 2 6 2 3 2 5
Type 11 0 0 0 3 0 2 1 0 2 1
Type 12 0 0 0 2 0 0 1 0 0 0
Total 27 27 28 26 18 23 30 23 19 26
L i 1 i 2 ' 3 T : 5
2 '1 'IEI F? 'h 1
3 12 1 8 3 1
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Figure 5.2 GAMé gutpui for dz"ay 1

Finally the first row between columns E and I corresponds to identification (id)

number of the nurses assigned to the patients. Since the original GAMS output was not
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well organized or visually pleasant, a new schedule format was implemented using the
GAMS output. Figure 5.3 presents the proposed schedule for day 1 using a clearer visual

representation.
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Figure 5.3 Proposed schedule day 1

This leveling pattern manifested the majority of the days. The results for the

other nine days are summarized in Appendix B. This goes after
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Number of Patients per Time Slot

Number of Patients
o
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=—@—Actual Schedule ~ ==@==Proposal Schedule

Figure 5.4 Total number of patients per time slot

The total number of patients per time slot was calculated for both schedules
(actual and proposed). This number includes both new and recurring patients at any point
in time. The aim was to visualize the differences between the original schedule and the
proposed schedule. Figure 5.4 compiles the total number of patients for both schedules at
any 20-minutes time slote. The red line represents the actual schedule, and the purple line
represents the proposed schedule. From the figure, it can be seen that the schedule
obtained from the mathematical model (proposed schedule) is leveled when compared to
the original. The proposed schedule keeps a balance in the number of patients in the

system throughout the day and avoids peaks of demand during the day.

Maximum Capacity of the System

Given the success of the mathematical model to level patient demand throughout
the day, it was decided to estimate the maximum capacity for the system for each patient

mix. Instead of using the number of patients per type as an input, the model used the
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percentage for each type of patient which allows for the allocation of the maximum
number possible of each patient type according to the patient mix. Constraint (5.7) was

then modified to achieve this objective. The new constraint became

k b
Yic1 Xi=12a=12n=1 YVijtan
k b k b
Zf=1 Zt:l Za:l 2;;:1 Yijtan + 2?:1 Zt=1 Za=1 2:1=1 Xijtan

Where p; represents the percentage of each patient type according to the patient

mix of the day. Table 5.4 summarizes the patient type percentages per day.

Table 5.4 Patient percentage per day

Day
Patient Type 1 2 3 4 5 6 7 8 9 10
Type 1 19% 11% 7% 4% 6% 17% 20% 13% 11% 12%
Type 2 7% 4% 0% 4% 0% 6% 7% 0% 0% 8%
Type 3 15% 19% 11% 23% 17% 28% 20% 22% 11% 27%
Type 4 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Type 5 11% 4% 7% 4% 6% 0% 0% 4% 11% 4%
Type 6 11% 11% 11% 12% 17% 11% 10% 9%  21% 15%
Type 7 4% 0% 14% 12% 22% 6% 3% 17% 5% 0%
Type 8 15% 7% 14% 8% 11% 0% 10% 13% 5% 12%
Type 9 0% 26% 29% 12% 11% 11% 17% 9% 16% 0%
Type 10 19% 19% 7% 4% 11% 33% 7% 13% 11% 19%
Type 11 0% 0% 0% 12% 0% 11% 3% 0% 11% 4%
Type 12 0% 0% 0% 8% 0% 0% 3% 0% 0% 0%

Table 5.5 compares the actual system and the maximum capacity that the infusion
area could have managed on each of those days without exceeding the mental workload
levels for nurses and pharmacists. From the table, it can be seen that the mathematical

model allows the capacity of the infusion area to increase by at least 50 % per day.
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Table 5.5 Patient percentage per day (actual capacity (Cact), maximum capacity (Cmax))

Patient Type

Day  Capacity 1 2 3 4 5 6 7 8 9 10 11 12 Total % Increase

1 Cact 5 2 4 0 3 3 1 4 0 5 0 0 27 133.3
Cwmax 9 7 8 0 7 7 3 10 0 12 0 0 63

2 Cact 3 1 5 0 1 3 0 2 7 5 0 0 27 55.6
Chmax 3 2 8 0 2 5 0 3 11 8 0 0 42

3 Cact 2 0 3 0 2 3 4 4 8 2 0 0 28 50.0
Chmax 0 0 5 0 3 5 6 6 13 4 0 0 42

4 Cact 1 1 6 0 1 3 3 2 3 1 3 2 26 92.3
MC 2 1 12 0 3 7 6 4 7 2 6 0 50

5 Cact 1 0 3 0 1 3 4 2 2 2 0 0 18 216.7
Cwmax 3 0 10 0 0 10 13 7 7 7 0 0 57

6 Cact 4 1 5 0 0 2 1 0 2 6 2 0 23 52.2
Cwmax 6 2 7 0 0 3 2 0 3 9 3 0 35

7 Cact 6 2 6 0 0 3 1 3 5 2 1 1 30 110.0
Cwmax 12 2 10 0 7 7 3 10 0 12 0 0 63

8 Cact 3 0 5 0 1 2 4 3 2 3 0 0 23 117.4
Cwmax 8 0 11 0 2 0 9 7 6 7 0 0 50

9 Cact 2 0 2 0 2 4 1 1 3 2 2 0 19 136.8
Chmax 1 0 5 0 5 10 3 3 8 5 5 0 45

10 Cact 3 2 7 0 1 4 0 3 0 5 1 0 26 923
Chmax 6 1 14 0 2 8 0 6 0 11 2 0 50 '

Additionally, the results show a variability among the days which is caused by the
differences in the patient mix. Days 5 and 9 exhibited the largest percentage increase of
capacity with values of 216.7% and 136.8% respectively. In contrast, days 1 and 7 do not
show high percentages but they do exhibit increased number of patients per day with a
value of 63 for both of them. Finally, day 3 showed a potential increase of only 50%.
This is due to the fact that day 3 had many long-duration patients (four level 8, eight level
9, and two level 10).

In conclusion, applying the model improves the schedule in the infusion area in
two ways 1) it balances the patient schedule, avoiding peaks caused by patient arrivals,
and 2) it helps to increase the capacity of the cancer center. However, all these

improvements have been analyzed only from the viewpoint of the center’s productivity,
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in other words, considering only the capacity and the mental workload of nurses and
pharmacists. Chapter 6 will take a patient-centered approach, discussing the effect of the

proposed schedules on patient time.
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CHAPTER 6

SIMULATION MODEL

This chapter looks at the impact the proposed schedules have over patient care
using discrete event simulation as a comparison tool. The chapter was divided in three
sections. The first section presents a simulation model conceptualization and validation.
The second section presents a comparison between the actual schedules against the
proposed schedules. Finally, the third section presents the simulation results for different
scenarios to assess the robustness of the model and the possible impact over the real

system. Figure 6.1 shows a general description of this chapter.

Chapter 5 Chapter 7
Mathematical Scheduling
Model Policies
@ Chapter 6: Simulation Model
Simulation Model > Comparison of Actual vs. o .
and Validation Proposed Schedules Sensitivity Analysis
HO6: HO7:
The total cycle time of The number of patients that
the patients in the real are serviced during a day in
system and the the Cancer Center will
proposed model is the increase with the new
same. schedule policies

Figure 6.1 Chapter 6 general description
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Simulation Model Conceptualization

Previous chapters helped us understand the complexity of the system. A discrete
event simulation model of patient flow was developed for BDCC. Figure 6.2 presents the
conceptualization of the infusion area process at the Cancer Center. It was used in the
development of the computer simulation model which was used as a tool to compare the
results obtained from the mathematical model against the actual schedules. This research
determined the average total cycle time for each type of patient which was considered as
an initial metric in the comparison of the different models. The following is a description
of the conceptual model of patient and information flow as presented in Figure 6.2.The
infusion area at the clinic is a complex system which includes several processes working
in parallel that are required to provide infusion services to patients. There are two main

processes which take into account information flow and patient flow.

The information flow process is driven by the order and is used by the pharmacy
to prepare drugs for patients. This is a critical process as some patients receive infusion in
stages. Due to the fact that some drugs have a short shelf life, pharmacy needs to prepare
the drugs for each stage only minutes prior to when the drug is needed. For example, a
patient scheduled to receive infusion for 5 hours might undergo 5 different drugs (at an
average of 1 per hour). The pharmacy cannot prepare the 5 drugs right away as the ones

needed for the fourth and fifth stage might expire within 2 hours.

On the other hand, the patient flow process pertains to the patient moving through

the different stages of their infusion treatment. Nurses are a critical resource in this
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process. To keep the patient flowing through the system it is essential for both the
information process and the patient process to be synchronized in a way that would
minimize waiting for patients, medication and nurses. Thus, at each stage of the treatment
three things need to happen for the treatment to continue 1) patient has to be ready for
next drug; 2) next drug has to be ready; and 3) nurses have to be available to administer

the new drug.
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Figure 6.2 Conceptual model of patient and information flow at BDCC

A nurse escorts the patient to his/her preferred seat in the infusion center and
gives a copy of the treatment information to the pharmacy. For the purpose of this model,
this study assumed that patient arrival at the infusion area and the order placement for
drugs to the pharmacy occur at the same time. Upon arrival of a patient, a nurse checks

him/her into the system. The nurse collects different information about the patient (body
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temperature, blood pressure, patient general condition, etc.) and enters it into the
electronic system as a part of the check-in process. The nurse also reviews the treatment
plan requirements for premed or hydro fluid, type of premed, and number of infusion
drugs, among other things.

If a patient needs the oral premed, the nurse collects it from a medicine cabinet
and administers it. If the patient needs an IV-premed, the nurse waits for the pharmacy to
prepare it and then collects it when ready to administer to the patient. The nurse may
attend to another patient during this wait time. After the completion of administering
premed, or if there is no premed required, the nurse prepares the patient for the infusion
drug(s). When the pharmacy completes preparing the first infusion drug, the nurse brings
it for administration. A second nurse joins the first nurse at this point to cross-check
everything prior to administering the infusion drug. The infusion drug is then
administered. The patient waits in the chair for the infusion treatment to be completed.
The nurse may attend to other patients during this time. However, he/she comes back a
few times to check on the patient while the treatment is ongoing.

If the patient requires more infusion drug(s), the nurse brings it from the
pharmacy after they are done preparing it. The same process of administering infusion
drugs continues. When the patient is done with the entire infusion treatment, he/she
leaves the chair and the infusion center releasing all the resources he/she seized during
his/her stay. The work flow of the infusion center is very much dependent on the
activities of the pharmacy. The pharmacy prepares the 1\VV-premed and infusion drugs for

all the patients. To make this preparation process more efficient, the pharmacists follow
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different priority rules to prepare different premed/drugs. Pharmacists are responsible to
taming the drugs in order to prioritizing the mix of the drugs. Some treatments cannot be
prepared with long time a head. Pharmacists plan their activities according to this
requirement and the patient arrivals. For example, when the order of medicines arrives at
the pharmacy, they make a schedule for preparing the drugs/premeds. In general, IV-
premeds get higher priority than the first infusion drugs. However, if a patient needs more
than one infusion drug, the pharmacists prepare the first drug at first and schedule the
additional infusion drugs for a later time with the highest priority. This time difference is
selected based on the tentative time of administering the first (or current) infusion drug.
By this way, the pharmacists can prepare the drugs for other patient quickly without
keeping the current patients waiting.

The simulation model was built using Arena, (version 14.0). Appendix C contains
a short description of the development of the most important elements of the simulation
model. It also contains print screens from the Arena model and the general assumptions.
It should be mentioned that the conceptual model along with the Arena simulation model
was presented and published at the proceedings of the 2014 Winter Simulation
Conference [106]

The simulation model was validated by comparing the average time a patient
spent in the system from the simulation against the real system (from historical data). A
total of six days from 2015 were used to validate the model. The historical schedules

were also used to establish the inter-arrival time of patients to the system. It was
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determined that 10 replications were necessary in order to obtain confidence interval half-
width that was within 5% of the mean.
Table 6.1 presents the comparison between the simulation model and the real
system. The table shows that the average time value of the real system is included in the

95 % confidence intervals obtained from the simulation output in five out of the six days.

Table 6.1 Comparisons between actual system outputs and simulation outputs

Actual System Simulation Model 95% Confidence
Day Average time in system Average time in system Interval for simulation Conclusions
(min) (min) Output

1 196.15 197.15 (195.03, 200.01) Not Significant
2 154.54 155.59 (154.22, 155.59) Not Significant
3 129.09 133.85 (132.01, 135.69) Significant
4 125.71 126.73 (125.50, 127.86) Not Significant
5 187.62 186.80 (185.20, 188.40) Not Significant
6 148.46 149.17 (147.81, 150.53) No Significant

This implies that the results obtained from the simulation model are not

significantly different from the historical data; in other words, the simulation model

represents satisfactorily the process of the infusion area which makes it suitable to be

used to compare the scheduling models. Furthermore, the average time in system for the

day that is statistically different from the simulation output is less than three minutes

from the lower limit of the confidence interval. This is not enough to discard the

simulation model as a close representation of the real system.

This section responded to hypothesis (Hos) which stated that the total cycle time

of the patients in the real system and the simulation model are the same. In other words,
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the simulation model is appropriate as a tools to evaluate the possible impacts that the
proposed schedules might have on the real system.

The next sections established an assessment between the original schedules and
proposed schedules using the average time per patient as a measurement of comparison.
Therefore, different experiments were developed to evaluate different scheduling policies
that would allow the clinic to increase its daily throughput while balancing its resources

without affecting the quality of the services (measured by patient wait time).

Comparison Actual Schedule vs. Proposed Schedule

The previous chapter revealed how the mathematical model is able to balance the
daily patient schedule of the infusion area. However, the impact that the proposed
schedule might have over patient service times should be evaluated. This section was
concerned with potential differences on average time of patients among the proposed
schedules. The simulation model was used to determine the average time for both
schedules (original and proposed). Consequently, statistical analysis was performed to
determine any significant difference (if any) between both schedules. Ten (10)
simulation replications were used in each day which yield the average time in system
with the standard deviation for each scheduling method. The simulation outputs were
used to compare the actual schedules versus the proposed schedules.

Table 6.2 presents the average time for the actual and proposed schedules along
with 95% confidential intervals for the simulation output of the proposed schedules. The

objective was to determine the effect of the proposed schedule through the performance
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of the real system. The Table 6.2 shows that six of the ten days don’t present any
statistical difference between the actual and the proposed schedules. The other four days
present differences; however, two of them show a significant reduction of the average
time from the actual schedule which means an improvement in the performance. Thus, it
can be concluded that the mathematical model represented changes that did not worsen

the total patient time in the system in 80% of the cases.

Table 6.2 Time comparison between the actual schedule and the proposed schedule

Original Schedule Proposed Schedule 95% Confidence
Day Average time in system Average time in system Interval for simulation Conclusions
(min) (min) Output
1 140.95 147.62 (-10.11, -3.24) Significant
2 173.33 168.09 (2.21,8.28) Significant
3 172.48 183.26 (-15.72, -5.83) Significant
4 201.08 197.97 (-0.04, 6.26) Not Significant
5 161.89 161.76 (-2.84, 3.10) Not Significant
6 161.80 161.74 (-2.89, 3.05) No Significant
7 154.23 150.34 (1.39, 6.38) Significant
8 152.46 153.28 (-3.03,1.39) Not Significant
9 182.89 182.62 (-2.19, 2.74) Not Significant
10 152.44 151.78 (-1.18, 2.50) Not Significant

Figure 6.3 shows an example where the difference between both schedules was
found not significant which means that the proposed schedule doesn’t have a negative
impact over average time of the patient in the infusion area. The figure shows several

similarities between the curves.
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Figure 6.3 Average time per patient- day 4

Conversely, Figure 6.4 shows an example where the average time for the original
and the proposed schedule are different; however, the average time per patient decreases
which represents an improvement in the schedule. The figure shows the proposed

schedule curve is below the actual schedule curve.
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Figure 6.5 Average time per patient- day 1

Finally, figure 6.5 shows an example where the average time per patient for the
proposed schedule is bigger than the average time per patient for the original schedule.
The figure shows the original schedule curve is below the actual schedule curve.

This section responds to hypothesis Hos The total cycle time of the patients in the
real system and the proposed model is the same. The results fulfilled this statement on
80% of the cases. The next section was developed to explore the sensitive of the model

and the capacity of the system to absorb the increase demand of the center.

Sensitivity Analysis

This section presents a sensitivity analysis of the mathematical model by
comparing the actual schedules used on Chapter 4 against three possible scenarios. These
scenarios increased proportionally the number of patients that arrive into the system by
15%, 20%, and 40% from the actual demand. Table 6.3 shows the increments of patients
per type according to each one of scenarios and days. Each day represents different

patient mix which means that they will behave different.
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Table 6.3 Comparisons among actual system outputs and simulation outputs

Patient Type

11 12

10

1
5
7
7
8
3
5
5
6
2
2
2
3
1
1
1
2
1
1
2
2
4
5
5
6
6
8
8
9
3
3
4
4
2
2
2
3
3
3
4
4

Increment

Day

Actual

15%

20%

40%

Actual

15%
20%

40%

Actual

15%
20%

40%

Actual

15%
20%

40%

Actual

15%
20%

40%

Actual

15%

20%

40%

Actual

15%

20%

40%

Actual

15%

20%

40%

Actual

15%

20%

40%

Actual

15%

20%

10

40%
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Table 6.3 was used as input into the mathematical model which then provided the
arrival time for each patient according to the optimized schedule. This information was
then used to run the simulation model. The objectives were to determine average total
time that a patient would spend in the system, and to evaluate possible differences
between the actual schedule and the different scenarios for increased demand. Once
again, ten replications were run for each day and the average time in system with the
standard deviation were calculated for each scenario. The outputs were used to compare
the actual schedule among proposed scenarios to establish the maximum percentage that
the demand could have been increased without negatively impacting the total time of the
patients in the system. Table 6.4 summarize the best scenario per day. From the table it
can be seen that the cancer center should have the capability to increase up to 40 % the
number of patients while keeping the same total average time per patient. The next

figures compare actual schedule, proposed schedule and the best scenarios.

Table 6.4 The best sceneries per day

Actual Schedule Proposed Schedule 95% Confidence The B?St
Day  Average time in system  Average time in system Ir)terval_for Scenarios
. . simulation
(min) (min) Output

1 140.95 139.74 (-0.82, 3.24) 15 %
2 173.33 170.70 (-1.11, 6.39) 20%
3 172.48 169.84 (-0.66, 5.94) 40%
4 201.08 201.86 (-5.29, 3.73) 40%
5 161.89 162.91 (-3.99, 1.96) 40%
6 161.80 162.93 (-3.56, 1.90) 40%
7 154.23 150.52 (0.84, 6.57) 40%
8 152.46 154.28 (-3.97,0.32) 40%
9 182.89 183.71 (-3.20, 1.56) 40%
10 152.44 151.53 (-1.14, 2.97) 40%
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Figure 6.6 Best scenario —day 1
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Figure 6.7 Best scenario — day 2
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Figure 6.8 Best scenario — day 3
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Figure 6.9 Best scenario — day 4
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Figure 6.10 Best scenario —day 5
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Figure 6.11 Best scenario — day 6
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Figure 6.12 Best scenario — day 7
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Figure 6.13 Best scenario — day 8
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Figure 6.14 Best scenario —day 9
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Total of Patient per Time Slot

Number of Patients

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29
Time Slots

—e—Original Schedule ~ =#=Proposed Schedule ~ =@=Total Patients 40 %

Figure 6.15 Best scenario — day 10

As shown above, the mathematical model allows the cancer center to allocate
patient’s appointments in a more balanced manner which means that area will be able to
increase its capacity without impacting significantly the total average time per patient.
These results respond to the hypothesis Ho7 that established the number of patients that
are serviced during a day in the Cancer Center will increase with the new scheduling
policies. The proposed schedules will permit to schedule more patients using the same
resources. However, these proposed schedules were built using real patient mixes which
was different every day. This situation didn’t permit to generalize scheduling policies for
the cancer center. Therefore, the next chapter will be focus on creating several scenarios

that will permit to generate general scheduling policies for the center.
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CHAPTER 7
SCHEDULING POLICIES

This chapter intends to develop general patient scheduling policies for the
infusion area. The previous chapter evaluated different patient mix demands and their
increase; however, it was not enough to establish scheduling polices. This chapter
explores general criteria that support the schedulers to make decisions about how to
allocate patients’ appointments into daily schedule. Figure 7.1 shows a general

description of this chapter.

Chapter 6 Chapter 8

Simulation !
Conclusions
Model

@ Chapter 7: Scheduling Policies

> Scenario Results and

General Scenarios _ >d
Scheduling Policies

Figure 7.1 Chapter 7 general description

General Scenarios

This section established the scenarios which were used to develop the scheduling
policies for Bozeman Deaconess Cancer Center. Until now, the results were oriented to

evaluate the performance of the mathematical model over two conditions. The first was
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to balance the scheduling system avoiding peaks of patient demands in the infusion area
(Chapter 5). The second was to establish the capability of this system to increase the
number of scheduled patients without impacting the total patient time in the system

(Chapter 6).

Table 7.1 Summary of patient demand per scenario.

Scenarios

Patient S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14

Type

Type 1 2
Type 2 2
Type 3 2
Type 4 2
Type 5 2
Type 6 2
2
2
2
2
2
2

Low

Middle

Type 7
Type 8
Type 9
Type 10
Type 11
Type 12

Long

P PN NP RPN WWWW
P P DN W W WwWwweEEPEDNDDN
W W W WEFRERFPNNDPREPREPNDDN
P P P PPRPPPDADSDNDN
P P P P2 DNPPRPPRPPRP
~ D DFPRP PP PEPPREPREPRE
W W W W W wWwwwwwwow
N N DD NN DNDNDDND o o o1 O

DOIN N N N o1 oo O NN DNDN
U1 O1 Ol OO DN DN DD DD

DI P P PP PP P NN NN

DI P P P N~NNNP PP R

OlN N N NP PR R PR R R

Total 24

N
~
N
~
N
~
N
~
N
~
N
~
w
»
w
»
w
w
»
w
w
w

However, one of the objectives of this study was to develop some strategies to
build a better scheduling system. To achieve this goal seven scenarios were evaluated
using two different patient demands as referenced. The patient demand values were 24
and 36 patients which corresponded to average demand of typical days and increased
demand, respectively. This section distributed these patient demands among the twelve
(12) patient types, and they were sub-classified in three groups (low, middle, and long)
according to treatment length. The patient types from 1 to 4 were considered part of low
duration group. The patient types from 5 to 8 were classified as middle duration group,

and the rest (9-12) were situated as long duration group. The percentage of the patients
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assigned for each group was changed through all the scenarios increasing and decreasing
the percentage as needed. For example, Scenario 1 (S1) distributed equally the patient
demand through all the groups, and Scenario 7 (S7) distributed patient demand as 70 % to
long group, and 15 % to low and middle groups. Table 7.1 shows the distribution
demand for all scenarios, groups, and patients types.

This information was used in the mathematical model obtaining a schedule for
each scenario. Nevertheless, it was found that Scenario 11 (S11), Scenario 13 (S13), and
Scenario 14 (S14) were not feasible. The next section analyzed the results for each

scenario and the general scheduling policies.

Scenario Results

This section summarized the results obtained for each alternative. The results are
composed for a graphical representation of the scheduling appointment of patients and a
graphic which represented the total number of patients in the system at any point in time
of the day in 20 minute intervals.

Scenario 1 (S1): It is composed of 24 patients distributed equally among the
groups which represented eight (8) for short, middle and long group. Figure 7.2 shows
the optimal distribution of patient’s appointment of S1. From the graph it was concluded
that 100% of patients of long duration group and 65 % of the middle duration group

should be located no later than noon. Figure 7.3 shows a balanced workload for S1.
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Figure 7.2 Graphical representation of scheduling patients for S1
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Number of Patients

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28
Time Slot

Figure 7.3 Total patients per time slot of S1

Scenario 2 (S2): It is composed of 36 patients allocating 50% for short duration
group and 25% for middle and long duration groups. Figure 7.4 shows the optimal
distribution of patient’s appointment of S2. From the graph it was concluded that 8§7.5%
of patients of long duration group and 50 % of the middle duration group should be

assigned no later than noon. Figure 7.5 shows a balanced workload for S2.
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Figure 7.4 Graphical representation of scheduling patients for S2
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Figure 7.5 Total patients per time slot of S2

Scenario 3 (S3): It is composed of 24 patients allocating 50% for middle duration
group and 25% for short and long duration groups Figure 7.6 shows the optimal
distribution of patient’s appointment of S3. From the graph was concluded that 100% of
patients of long duration group and 41% of the middle duration group should be assigned

no later than noon. Figure 7.7 shows a balanced workload for S3.
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Figure 7.6 Graphical representation of scheduling patients for S3
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Figure 7.7 Total patients per time slot of S3

Scenario 4 (S4): It is composed of 24 patients allocating 50% for long duration
group and 25% for short and middle duration groups. Figure 7.8 shows the optimal
distribution of patient’s appointment of S4. From the graph was concluded that 83% of
patients of long duration group and 50% of the middle duration group should be assigned

as later than at noon. Figure 7.9 shows a balanced workload for S4.
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Figure 7.8 Graphical representation of scheduling patients for S4
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Figure 7.9 Total patients per time slot of S4

Scenario 5 (S5): It is composed of 24 patients allocating 70% for short duration
group and 15% for middle and long duration groups. Figure 7.10 shows the optimal
distribution of patient’s appointment of S5. From the graph was concluded that 100% of

patients of long duration group and 100% of the middle duration group should be assigned
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no later than noon. Figure 7.11 shows a balanced workload for S5. The figure shows that

the short duration group is allocated in the end of the day.
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Figure 7.10 Graphical representation of scheduling patients for S5

Total of Patients per Time Slot S5
12

10

Number of Patients
(<2}

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28
Time Slot

Figure 7.11 Total patients per time slot of S5

Scenario 6 (S6): It is composed of 24 patients allocating 70% for middle duration

group and 15% for short and long duration groups. Figure 7.12 shows the optimal
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distribution of patient’s appointment of S6. From the graph was concluded that 100% of
patients of long duration group should be assigned no later than noon. Figure 7.13 shows

an unbalanced workload for S6.
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Figure 7.12 Graphical representation of scheduling patients for S6
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Figure 7.13 Total patients per time slot of S6
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Scenario 7 (S7): It is composed of 24 patients allocating 70% for long duration
group and 15% for short and middle duration groups. Figure 7.14 shows the optimal
distribution of patient’s appointment of S6. From the graph was concluded that 100% of
patients of long duration group should be assigned no later than noon. Figure 7.15 shows
an unbalanced workload for S7. Most of the patient demand is located early morning,

and the afternoon doesn’t shows so much activity.
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Figure 7.14 Graphical representation of scheduling patients for S7
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Figure 7.15 Total patients per time slot of S7

Scenario 8 (S8): It is composed of 36 patients distributed equally among the
groups which represented twelve (12) for short, middle, and long group. Figure 7.16
shows the optimal distribution of patient’s appointment of S8. From the graph was
concluded that 100% of patients of long duration group should be located no later than

noon. Figure 7.3 shows a balanced workload for S8.
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Figure 7.16 Graphical representation of scheduling patients for S
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Figure 7.17 Total patients per time slot of S8

Scenario 9 (S9): It is composed of 36 patients allocating 50% for short duration
group and 25% for middle and long duration groups. Figure 7.16 shows the optimal
distribution of patient’s appointment of S9. From the graph was concluded that 87.5% of

patients of long duration group and 50 % of the middle duration group should be assigned

no later than noon. Figure 7.17 shows a balanced workload for S9.
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Figure 7.18 Graphical representation of scheduling patients for S9
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Figure 7.19 Total patients per time slot of S9

Scenario 10 (S10): It is composed of 36 patients allocating 50% for middle
duration group and 25% for short and long duration groups Figure 7.18 shows the
optimal distribution of patient’s appointment of S10. From the graph was concluded that
100% of patients of long duration group and 90% of the middle duration group should be
assigned no later than noon. Figure 7.19 shows a balanced workload for S10.

Scenario 12 (S12): It is composed for 36 patients allocating 70% for short
duration group and 15% for middle and long duration groups. Figure 7.20 shows the
optimal distribution of patient’s appointment of S5. From the graph was concluded that
75% of patients of long duration group and 100% of the middle duration group should be

assigned no later than noon. Figure 7.21 shows a balanced workload for S12.
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Scenario 11 (S11): It is composed of 36 patients allocating 50% for long duration
group and 25% for short and middle duration groups. This patient mix was not feasible
which means the mathematical model was not able to provide a solution keeping the area
requirements

Scenario 13 (S13): It is composed of 36 patients allocating 70% for middle
duration group and 15% for middle and long duration groups. This patient mix was not
feasible which means the mathematical model was not able to provide a solution keeping
the area requirements

Scenario 14 (S14): It is composed of 36 patients allocating 70% for long duration
group and 15% for short middle duration groups. This patient mix was not feasible which
means the mathematical model was not able to provide a solution keeping the area
requirements.

After analyzing the previous scenarios, this study established some general rules
that should be followed to build a balanced scheduling system. Overall, long duration
appointments should not be programed after midday; as well as the 50 % of middle
duration appointments. The infusion area should not receive more than 85 % of middle
and long duration. Additionally, the cancer center should not work with a patient mix

where total number of long duration patients overpass a value of 18 patients per day.
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CHAPTER 8

CONCLUSIONS

This research was divided into six (6) phases with the aim of maximizing resource
utilization in Bozeman Deaconess Cancer Center without overloading the human
resources. To achieve this, eight (8) hypotheses were developed and tested which resulted
in three main contributions of this research. The first contribution was focused on
measuring, comparing and validating workload tools. The second contribution was
focused on incorporating workload measurements into a mathematical model. The third
contribution was focused on the development of scheduling polices for an oncology
clinic. This chapter summarizes all the findings giving responses to each of the
hypotheses proposed in Chapter 1. For convenience, Figure 8.1 displays the research

overview proposed in Chapter 1.

Contribution 1 Contribution 2 Contribution 3
: CHAPTER 4 : 1 CHAPTER 5 : 1 CHAPTER 6 : 1 CHAPTER 7
1| Physiological \ | : I : | :
1 ‘Workload v, (. 1
1 Validation of Mental 1 1 1
1 perceptual with workload Mathematical # Simulation Schedule
1 physiological - . 1 Model 1 ” Polices
Constrains 1 1
1 ‘Workload (. 1 1
1 Perceptual 1 1 1
1 Workload ’ : Analytical Model | : 1
1 1 1 1
ISo - ——-_—___Ha_ _Ho _ Ha__Hoy | e Hes :._HES_}EOE_EIOLJ : _______ J

Figure 8.1 Research Overview Summary
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Contribution 1

H,y, Physiological responses and number of patients seen during the day in
infusion area are correlated.

Chapter 4 performed a correlation analysis of number of patients among
physiological responses. The analysis found no correlation between these variables.
However a positive strong correlation between the number of patients and the acuity level
was found ( = 0.927; p — value = 0.000). Therefore, the study did not considered
acuity level in the modeling of the human factor constraint. This variable was removed
from the model to avoid multicollinearity between the variables.

Hy, The workload measurements obtained from NASA-TLX are correlated to
SWAT measurements.

Chapter 4 performed a comparative analysis between NASA-TLX and SWAT.
The objectives were to compare the overall results between NASA-TLX and C-SWAT,
and then compare each individual dimension for both tests.

A Pearson product-moment correlation coefficient was computed to assess the
relationship between C-SWAT and NASA-TLX. Results showed a positive correlation
between the two variables (p= 0.691; n= 147; p-value = 0.0001). Overall, there was a
positive correlation between both methods; however, the correlation value was not
exceptionally high which suggests differences between both instruments.

Additional analysis were completed such as Regression Analysis, Principal
Component Analysis (PCA), and Multi Adaptive Regression Spines (MARS). The results

showed that NASA- TLX was a better predictor for C-SWAT than C-SWAT was to
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NASA-TLX. In other words, NASA-TLX covers all the dimensions that are measured by
C-SWAT. The results also suggest that a difference between both tools is found in the
fact that C-SWAT doesn’t have the capability to integrate the perception of performance
and frustration. The findings were used in the decision of which, entail workload
measuring tools to use in the regression model. It was decided to drop the C-SWAT
values.

H,y; The workload measurements obtained from NASA-TLX are similar to the
measurement obtained from the equal weight calculation method.

A correlation analysis was conducted to compare the scores obtained with
preference weight and with equal weights on Chapter 4. The results established that there
was no significant difference between the overall score of NASA-TLX using preference
weight or equal weight. However, there was no correlation between the values for each
dimension at the individual level. Consequently, NASA-TLXEW (equal weight) could be
used in cases where the individual analysis of a dimension is not relevant which will
eliminate one step in the methodology. On the other hand, if researchers are interested in
considering one or more dimensions independently, then the preference weights would be
a better approach.

H,, The workload measurements obtained from the NASA-TLX and the
physiological responses are correlated.

This research established the correlation between NASA-TLX and physiological
responses using a regression analysis. A model was calculated to predict mental workload

(NASA-TLX) based on number of patients, hearth rate (HR), breathing rate (BR), and
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ECG. A significant regression equation was found with an R? of 36.47%. The following
equation summarized the model.

NASA — TLX = 22 + 3.83(# of patients) — 0.710(HR) + 3.002(BR) + 1.105(ECG)

(4.2)

This research used this equation to calculate the number of patients that a nurse
can handle without impacting level of stress and workload.

Contribution 2

Hys The total cycle time of patients in the real system and the simulation model
are equal.

Chapter 6 exposed that the simulation model was not significantly different from
the historical data; in other words, the simulation model represents satisfactorily the
process of the infusion area which makes it suitable to be used to compare the scheduling
models.

Hye The total cycle time of patients in the actual system and the proposed model
are equal.

The mathematical model developed in Chapter 5 represented changes that did not
worsen the total patient time in the system in 80% of the cases. In other words, this
research didn’t find significant differences between actual and the proposed schedule
containing from the mathematical model.

H,> The number of patients that are serviced during a day in the Cancer Center

will increase with the new schedule policies.
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The mathematical model (Chapter 5) allows the cancer center to allocate patient’s
appointments in a more balanced manner resulting in an increased capacity ranging from
15% to 40% without significantly impacting the total average time per patient.

Hyg The percentage of the chair utilization of the infusion area will increase with
the new scheduling policies.

The mathematical model improved the schedule in the infusion area in two ways
1) it balanced the patient schedule avoiding peaks caused by patient arrivals (Chapter 5),
and 2) it helps to increase the capacity of the cancer center in at least 15% (Chapter 6)
which will increase infusion chair utilization.

In summary this research was able to answer all the research questions through
the different chapters of this thesis which are shown on Figure 8.1. In conclusion this
thesis work was able to successfully build a patient scheduling model considering nurses’
workload. It was proved that the model balanced patient appointments through the day by
leveling the workload of nurses and pharmacists. Also, the sensitivity analysis showed
that even the patient demand of the cancer center could be increased up to 40% in some
instances without negatively impact patient service. This research is one of the first of its

kind to include mental workload as a mathematical constraints in a scheduling model.
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set i chairs id /1*19/;

set | patients id /1*60/
subj1(j) patient type 1 id /1*5/
subj2(j) patient type 2 id /6*10/
subj3(j) patient type 3 id /11*15/
subj4(j) patient type 4 id /16*20/
subj5(j) patient type 5 id /21*25/
subj6(j) patient typ5 6 id /26*30/
subj7(j) patient type 7 id /31*35/
subj8(j) patient type 8 id /36*40/
subjo(j) patient type 9 id /41*45/
subj10(j)  patient type 10 id /46*50/
subj11(j)  patient type 11 id /51*55/
subj12(j)  patient type 12 id /56*60/
subj13(j)  subgroup of patient (1-5)/1*25/
subjl14(j)  subgroup of patient (6-8)/26*40/
subj15(j)  subgroup of patient (9-12)/41*60/

set t stranding time-slot /1*23/
subtl(t) time slot for lunch/13*15/;

set a acuity level/1*5/
subal(a) acuity level 1/1*2/
suba2(a) acuity level 2/3/
suba3(a) acuity level 2/4/
suba4(a) acuity level 4/5/;

set n nurses id /1*5/;

scalar r nurses in the infusion area /5/;

scalar pa pharmacist available /2/;
parameter
b(a) acuity level id /11

22
33
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44
55/
variables
z objective function

x(i,J,t,a,n) 1 if for chair i a patient of type j continues treatment of the period t
y(i,j,t,a,n) 1 if for chair i a patient of type j begins treatment of the period t
total(i,j,t,a,n) Sums all the y's and x's in a table

binary Variable x;

binary Variable y;

Equations
Utilization define objective function
patient_typel consecutive patient type 1
patient_type2 consecutive patient type 2
patient_type3 consecutive patient type 3
patient_type4 consecutive patient type 4
patient_type5 consecutive patient type 5
patient_type6 consecutive patient type 6
patient_type7 consecutive patient type 7
patient_type8 consecutive patient type 8
patient_type9 consecutive patient type 9
patient_typel0 consecutive patient type 10
patient_typell consecutive patient type 11
patient_typel2 consecutive patient type 12
patient_chair restriction of one patient by chair
nurses_availability number of patient attend by nurses
pharmacists availability number of patient attend by pharmacists
patient_mix1 percentage of patient attended patient type 1
patient_mix2 percentage of patient attended patient type 2
patient_mix3 percentage of patient attended patient type 3
patient_mix4 percentage of patient attended patient type 5
patient_mix5 percentage of patient attended patient type 5
patient_mix6 percentage of patient attended patient type 6
patient_mix7 percentage of patient attended patient type 7
patient_mix8 percentage of patient attended patient type 8
patient_mix9 percentage of patient attended patient type 9

patient_mix10 percentage of patient attended patient type 10
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patient_mix11 percentage of patient attended patient type 11

patient_mix11 percentage of patient attended patient type 11

patient_mix12 percentage of patient attended patient type 12

lunchtime number the slope used in the lunch time new patient can
not arrive

acuity level of acuity

deltaacuity accumulative acuity level

acuity_subgroupl Distribution of acuity level type (1-5)

acuity_subgroup2 Distribution of acuity level type (1-5)

acuity_subgroup3 Distribution of acuity level type (8-11)

acuity_subgroup4 Distribution of acuity level type (8-11)

minimimun_patient_type4 Minimum number patient 4

nurse_capacity capacity by nurses;

*=== QObjective Function-Max Ys ===*

Utilization .. z =e=sum((i,j,t,a,n),y(i,j,t,a,n))-0.00001* sum((i,j,t,a,n), x(i,j,t,a,n));

*=== Subject to ===*

*=== 1. Nurse Availability ===*

nurses_availability (t).. sum((i,j,a,n),y(i,j,t,a,n))=I= 3*r;
*=== 2. Pharmacy Availability ===*

pharmacists_availability(t).. sum((i,j,a,n),y(i,j,t,a,n))=l= 2*pa;

*=== 3. No more than one person in a chair at any time ===*

patient_chair(i,t) .. sum((j,a,n),x(i,j,t,a,n))+ sum((j,a,n),y(i,j,t,a,n))=I=1;

*=== 4. Patient Continuity ===*
patient_typel.. sum ((i,subj1,t,a,n),x(i,subjl,t,a,n))=e= 0;
patient_type2(i,subj2,t,a,n)..  y(i,subj2,t,a,n)=l= x(i,subj2,t+1,a,n);

patient_type3(i,subj3,t,a,n).. 2*y(i,subj3,t,a,n)=I= x(i,subj3,t+1,a,n)+ x(i,subj3,t+2,a,n);
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patient_type4(i,subj4,t,an).. 3*y(i,subj4,t,a,n)=I1=x(i,subj4,t+1,a,n)+ x(i,subj4,t+2,a,n)+
x(i,subj4,t+3,a,n);

patient_type5(i,subj5,t,a,n).. 4*y(i,subj5,t,a,n)=I= x(i,subj5,t+1,a,n)+ x(i,subj5,t+2,a,n)+
X(i,subj5,t+3,a,n)+ x(i,subj5,t+4,a,n);

Patient_type6(i,subj6,t,a,n).. 5*y(i,subj6,t,a,n)=I=x(i,subj6,t+1,a,n)+ x(i,subj6,t+2,a,n)+
X(i,subj6,t+3,a,n)+ x(i,subj6,t+4,a,n)+ x(i,subj6,t+5,a,n);

Patient_type7(i,subj7,t,a,n).. 7*y(i,subj7,t,a,n)=l=x(i,subj7,t+1,a,n)+ x(i,subj7,t+2,a,n)+
x(i,subj7,t+3,a,n)+ x(i,subj7,t+4,a,n)+
X(i,subj7,t+5,a,n)+x(i,subj7,t+6,a,n)+x(i,subj7,t+7,a,n);

Patient_type8(i,subj8,t,a,n).. 8*y(i,subj8,t,a,n)=l=x(i,subj8,t+1,a,n)+ x(i,subj8,t+2,a,n)+
x(i,subj8,t+3,a,n)+ x(i,subj8,t+4,a,n)+
X(i,subj8,t+5,a,n)+x(i,subj8,t+6,a,n)+x(i,subj8,t+7,a,n)+x(i,subj8,t+8,a,n);

Patient_type9(i,subj9,t,a,n).. 10*y(i,subj9,t,a,n)=I= x(i,subj9,t+1,a,n)+
x(i,subj9,t+2,a,n)+ x(i,subj9,t+3,a,n)+ x(i,subj9,t+4,a,n)+
X(i,subj9,t+5,a,n)+x(i,subj9,t+6,a,n)+x(i,subj9,t+7,a,n)+x(i,subj9,t+8,a,n)+x(i,subj9,t+9,a,
n)+x(i,subj9,t+10,a,n);

Patient_typel10(i,subj10,t,a,n).. 16*y(i,subj10,t,a,n)=I= x(i,subj10,t+1,a,n)+
X(i,subj10,t+2,a,n)+ x(i,subj10,t+3,a,n)+ x(i,subj10,t+4,a,n)+
X(i,subj10,t+5,a,n)+x(i,subj10,t+6,a,n)+x(i,subj10,t+7,a,n)+x(i,subj10,t+8,a,n)+x(i,subj10
t+9,a,n)+x(i,subj10,t+10,a,n)+
X(i,subj10,t+11,a,n)+x(i,subj10,t+12,a,n)+x(i,subj10,t+13,a,n)+x(i,subj10,t+14,a,n)+x(i,s
ubj10,t+15,a,n)+x(i,subj10,t+16,a,n);

Patient_typell(i,subjll,t,a,n).. 18*y(i,subjll,t,a,n)=I= x(i,subjl1,t+1,a,n)+
X(i,subj11,t+2,a,n)+ x(i,subj11,t+3,a,n)+ x(i,subjll,t+4,a,n)+
X(i,subj11,t+5,a,n)+x(i,subj11,t+6,a,n)+x(i,subj11,t+7,a,n)+x(i,subjl1,t+8,a,n)+x(i,subjll
,t+9,a,n)+x(i,subj11,t+10,a,n)+x(i,subjll,t+11,a,n)+
X(1,subj11,t+12,a,n)+x(i,subj11,t+13,a,n)+x(i,subj11,t+14,a,n)+x(i,subj11,t+15,a,n)+x(i,s
ubj11,t+16,a,n)+x(i,subj11,t+17,a,n)+x(i,subj11,t+18,a,n);

Patient_typel12(i,subj12,t,a,n).. 20*y(i,subj12,t,a,n)=I= x(i,subj12,t+1,a,n)+
x(i,subj12,t+2,a,n)+ x(i,subj12,t+3,a,n)+ x(i,subj12,t+4,a,n)+
X(i,subj12,t+5,a,n)+x(i,subj12,t+6,a,n)+x(i,subj12,t+7,a,n)+x(i,subj12,t+8,a,n)+x(i,subj12
t+9,a,n)+x(i,subj12,t+10,a,n)+x(i,subj12,t+11,a,n)+
X(i,5ubj12,t+12,a,n)+x(i,subj12,t+13,a,n)+x(i,subj12,t+14,a,n)+x(i,subj12,t+15,a,n)+x(i,s
ubj12,t+16,a,n)+x(i,subj12,t+17,a,n)+x(i,subj12,t+18,a,n)+x(i,subj12,t+19,a,n)+x(i,subjl
2,t+20,a,n);
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*=== 5. Patient Mix ===*
patient_mix1.. sum((i,subj1,t,a,n), y(i,subjl,t,a,n))=g=4;
patient_mix2.. sum((i,subj2,t,a,n), y(i,subj2,t,a,n))=g=1;
patient_mix3.. sum((i,subj3,t,a,n), y(i,subj3,t,a,n))=g=7;
patient_mix4.. sum((i,subj4,t,a,n), y(i,subj4,t,a,n))=g=0;
patient_mix5.. sum((i,subj5,t,a,n), y(i,subj5,t,a,n))=g=1;
patient_mix6.. sum((i,subj6,t,a,n), y(i,subj6,t,a,n))=g=4;
patient_mix7.. sum((i,subj7,t,a,n), y(i,subj7,t,a,n))=g=0;
patient_mix8.. sum((i,subj8,t,a,n), y(i,subj8,t,a,n))=g=3;
patient._mix9.. sum((i,subj9,t,a,n), y(i,subj9,t,a,n))=g=10;
patient_mix10.. sum((i,subj10,t,a,n), y(i,subj10,t,a,n))=g=7;
patient_mix11.. sum((i,subj11,t,a,n), y(i,subjl1,t,a,n))=g=0;
patient._mix12.. sum((i,subj12,t,a,n), y(i,subj12,t,a,n))=g=0;
*=== 6. minimum patient type ===*
minimimun_patient_type4.. sum((i,subj4,t,a,n),y(i,subj4,t,a,n))=g=1;

*===7. lunch time restriction===*
lunchtime..  sum((i,j,subtl,a,n),y(i,j,subtl,a,n))=e=0;

*=== 8.acuity level in at time ===*
acuity(t,n).. sum((i,j,a),b(@)*x(i,j,t,a,n))+sum((i,j,a),b(a)*y(i,j,t,a,n))=1=15;

*=== 9.acuity level accumulate===*
deltaacuity(n).. sum((i,j,t,a),b(a)*y(i,j,t,a,n))=1=20;

*===10. acuity distribution groups ===*

acuity_subgroupl.. sum((i,subj13,t,suba3,n),
X(1,subj13,t,suba3,n))+sum((i,subj13,t,suba3,n),y(i,subj13,t,suba3,n))=e=0;
acuity_subgroup2.. sum((i,subj13,t,suba4,n),
X(1,subj13,t,suba4,n))+sum((i,subj13,t,suba4,n),y(i,subj13,t,subas,n))=e=0;
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acuity_subgroup3.. sum((i,subj15,t,subal,n),
X(i,subj15,t,subal,n))+sum((i,subj15,t,subal,n),y(i,subj15,t,subal,n))=e=0;
acuity_subgroup4.. sum((i,subj15,t,suba2,n),
X(i,subj15,t,suba2,n))+sum((i,subj15,t,suba2,n),y(i,subj15,t,suba2,n))=e=0;
*=== 11. Maximum capacity by nurse ===*
nurse_capacity (t,n).. sum((ij,a),x(i,j.,t,an))+sum((ij,a),y(ij.t,a,n))=1=3;
Model Cancer /all/;

option limrow = 1000;

solve Cancer maximizing z using mip;

*=== Qutput Display===*

display y.l;

display x.I;

*=== parameter total(i,j,t) used chair;
total.I(i,j,t,a,n)=y.I(i,j,t,a,n)+ x.1(i,j,t,a,n);
display total.l;

display z.1;

display patient_chair.I;

display nurses_availability.l;

display nurse_capacity.l;

*=== Export to excel using GDX utilities
*=== First unload to GDX file (occurs during execution phase)
execute_unload "results1.gdx" y.l
execute_unload "results2.gdx" x.1

execute_unload "results3.gdx" total.l

*=== Now write to variable levels to Excel file from GDX
*=== Since we do not specify a sheet, data is placed in first sheet
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execute 'gdxxrw.exe resultsl.gdx var=y.l'
*=== write x variable to a different sheet with a specific range
execute 'gdxxrw.exe results2.gdx var= x.I'

*=== write X variable to a different sheet with a specific range rng=NewSheet!F1 i4'
rng=NewSheet!f1 i4'

execute 'gdxxrw.exe results3.gdx var= total.I'
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VISUAL SCHEDULES
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Figure B-2 Proposed Schedule Day 2
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Figure B-5 Proposed Schedule Day 3
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Figure B-6 Total Number of Patients per Time Slot Day 3
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Figure B-7 Original Schedule Day 4

Time| Type 1) 2| 3| 4] 5[ 6| 7| 8 9| 10| 11f 12| 13| 14| 15| 16| 17| 18| 19| 20| 21| 22| 23| 24| 25| 26| 27| 28
1 3 3

3 12

3 11

3 11

5 7

5 12 12| 12
5 6

6 10

6 7

7 9

9 9

10 8

10 11

12 3

12 3 3[ 3] 3

12 3 3] 3] 3

16 3 3[ 3] 3

16 5 50 51 5| 5[ 5

16 3 3 3 3

8] 9 9l 91 9 9 9 9 9 9 9 9 9
19 2

20 1

20 8

21 7

23 6

23 6

Total Patients 1 1] 3] 6] 8 9 9l 10] 12 11] 14] 13[ 12] 9| 12 12

4
Figure B-8 Proposed Schedule Day 4
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Figure B-9 Total Number of Patients per Time Slot Day 4
Day 5
Time |Type 1| 2| 3| 4] 5| 6| 7| 8| 9| 10| 11| 12| 13| 14| 15| 16| 17| 18| 19| 20| 21| 22| 23| 24| 25| 26| 27| 28
1 10| 10| 10| 10 10| 10| 10f 10| 10| 10[ 10| 10{ 10| 10| 10{ 10| 10
1 5( 5 5/ 5[ 5 5
6 8
7 9
7 6
8 10 10| 10| 10| 10| 10
9 7
10| 3
16 9 9l 9f 9 9 9 9f 9 9 9
16 7
6] 8 | 8| 8 8 8 sl g
18 7
19 7
19 6
19 6
22 1 1
22 3 3[ 3[ 3
24 3 3] 3] 3
Total Patients | 2[ 2| 2 2| 2 2| 4 5] 6 7 71 7 5/ 5 4 7/ 5] 5 8 8 8 10/ 9 8 4 3] of 0

Figure B-10 Original Schedule Day 5
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Time 11) 12| 13| 14{ 15| 16| 17| 18| 19| 20| 21 22| 23| 24| 25| 26| 27| 28
1

1

1 10| 10| 10| 10f 10| 10

1

2 1 1

2 3 3

4 6

7 8 8

7 7

8 3

8 3 3[ 3] 3

11 8 8 8 8 8 8 8 8 8 8

12 10 10| 10{ 10f 10| 10| 10| 10f 10 10| 10| 10| 10f 10 10| 10| 10
2f 9 9f 9 9 9] 9 9 9 9 9 9 9

17 7

18 9 9 9 9 o 9 9 9 9 9 9 9
21 7

24 5 50 5| 5| 5 5
[Total Patients] 1| 3] 2[ 3| 2| 2| 4 6 5 4] 3| 5 5 5[ 4 3] 4 5 5 4] 5 5 4 5] 4 4 4 3

Figure B-11 Proposed Schedule Day 5
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Figure B-12 Total Number of Patients per Time Slot Day 5
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Time 22| 23| 24| 25| 26| 27| 28
1

1

3

3

5

6 3

6 11

7 10

8 10

8 1

9 3

9 10

10 10

11 1

12 10 10
16 6

17 3

17 7

19 3

20 3

21 1

22 2

23 1

Total Patients | 2[ 2] 4[ 4] 5[ 7[ 7] 9 9] 10[ 11] 10[ 10 11 12 12f 12 11 of 8 5[ 2| 1] 1] ©

Figure B-13 Original Schedule Day 6
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Time | Type 1) 2[ 3| 4] 5 6] 7[ 8 9| 10 11 12) 13| 14 15| 16| 17| 18| 19| 20| 21| 22| 23| 24| 25| 26[ 27| 28
1 10 10| 10{ 10f 10| 10| 10{ 10 10| 10| 10| 10 10| 10) 10| 10| 10

1 3 3] 3] 3

1 2

8 6

3 11

3 10 10| 10{ 10f 10| 10| 10| 10| 10{ 10| 10) 10| 10 10f 10| 10| 10

6 10 10| 10{ 10 10| 10| 10{ 10| 10| 10| 10{ 10| 10| 10| 10f 10| 10

6 9 9f 9 9 9 9 9 9 9 9o 9 9

7 11

9 1 1

12 10 10| 10{ 10f 10| 10| 10{ 10 10| 10| 10{ 10| 10| 10| 10| 10| 10

12 10 10| 10{ 10{ 10| 10| 10| 10{ 10{ 10) 10| 10| 10{ 10| 10| 10| 10
12 10 10| 10{ 10f 10| 10| 10{ 10 10| 10) 10{ 10| 10| 10| 10| 10| 10

12 9 91 9 9 9 9 9 9 9 9 9 9

16 3 3[ 3] 3

18 [ 7 2 ] A

19 1 1

22 1 1

EHE | e[ ¢ ¢ ¢ ¢f ¢
24 1 1

26 3 3[ 3] 3
26 3 3[ 3] 3
26 3 3] 3] 3
Total Patients| 3| 3] 5[ 4] 4] 6] 7[ 7 7| 6] 6[10[ 10 10 10 11 o[ 10| 9] 8] 8[ 7[ 6 71 6f 7[ 71 4

Figure B-14 Proposed Schedule Day 6
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Time [type | 1] 2] 3] 4] [ 6 7] 8] of 10] 1a] 12] 13[ 14] 15| 16] 17] 18] 19] 20] 21] 22[ 23] 24] 25] 26] 27] 28
1 of of of of of of of of of of of 9
1 8| 8| 8| 8| s s s s s s
1| 12 12| 12| 12| 12| 12| 12| 12| 12| 12 12 12| 12] 12 12| 12] 12 12| 12| 12| 2] 12
1 6
3 3 3] 3| 3
3 9 o of of of of of of of of of o
4 10 10| 10| 10[ 10[ 10| 10[ 10| 10| 10| 10| 10] 20| 10[ 10] 20| 10
4 9 of of of of of of of of of of o
4 3 3[ 3] 3
4 3 8| 8| 8| s sl s s s s
6] 11 11 21| 12 2] 1| aaf 2 2] aa wa aa] aa[ wa aa] [ waf a1 [ 1
6] 10 10| 10| 10[ 10| 10 10| 10| 10] 10[ 10| 10] 10 10| 10] 20] 10
o7 I
7 3 3[ 3] 3
3 1 1
8 9 of of of of of of of of of 9 o
9 3 8| 8 8| sl s s| sl s s
10 2 1
10 1 1
12 1 1
6] 9 of of of of of of of of of of o
18 3 3l 3] 3
18 1 1
19 6
19 6
20 3 3] 3| 3
2 1 1
22 1 1
n 3 3[ 3] 3
= ce
Total Patients| 4] 4] 6] 10 10[ 12[ 11] 12[ 13[ 13[ 1a[ 1a[ of 7[ e[ 7 7 8[ of 8 of 6l 5 6f 2 1 of o
Figure B-16 Original Schedule Day 7
Time [type| 1] 2] 3[ 4] 5| 6] 7] 8] o 10[ 1a] 12] 13 14] 15] 16 17] 18] 19] 20] 21] 22[ 23] 24] 25] 26] 27] 28
1 10 | 10[ 10] 20| 10[ 10] 10[ 10] 10[ 10| 20| 10[ 10] 10[ 10] 10 10
3
3
3
2
9
3
6

12| 12 12| 12) 12] 12| 12
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Figure B-17 Proposed Schedule Day 7
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Figure B-18 Total Number of Patients per Time Slot Day 7

Day 8



Time | Type 1l 2| 3| 4] 5| 6| 7| 8| 9| 10| 11| 12| 13| 14| 15| 16| 17| 18| 19| 20| 21| 22| 23| 24| 25| 26| 27| 28

1 10 10| 10| 10| 10| 10| 10| 10| 10 10| 10| 10| 10{ 10| 10| 10| 10|

1 10 10( 10| 10| 10| 10| 10{ 10| 10| 10( 10| 10| 10| 10| 10{ 10| 10

1 5 5/ 5 5 5] 5

3 1 1

6 8 8 8/ 8 8 8 8 8 8 8

7 9 9 91 9] 9 9 9 9 9 9 9 9

T KK

7 3 3[ 3| 3

8 10 10| 10| 10| 10| 10| 10| 10| 10 10| 10| 10| 10{ 10| 10| 10| 10|

9 7

10 1 1

10 3 3[ 3] 3

16 9

16 7

16 8

16 8

18 7

18 3

19 7

19 6

22 1

22 3 3[ 3] 3
22 3 3[ 3] 3
Total Patients | 4 3[ 3| 3| 3| 3[ 6 7[ 8 9] 8 8 6 6 5 9 6 7[ 9 9 8 11 10 8 3 2[ 0] O

Figure B-19 Original Schedule Day 8

Time |Type| 1] 2| 3| 4] 5 6] 7| 8 9| 10| 11] 12] 13| 14| 15| 16| 17| 18| 19| 20| 21) 22| 23| 24| 25| 26| 27| 28
1 6

1 8 8| 8| 8 8 8 8 8 8 8

1 9 9f 9 9 9 9 9 9 9 9 9 9

1 3 3] 3] 3

4 1 1

5 10 10| 10] 10| 10| 10| 10

8 8 8] 8 8

8 10 10| 10| 10

11 8

12 7

12 3

12 10

16 3

16 7

16 3

18 7

18 7

18 9

23 6

23 1

24 5 5 5| 5 5 5
26 3 3[ 3[ 3
28 1 1
fotal Patientsyf 5 4 4 3 4 4 3 5 5 4 5 7 7 7 6 9 81 9 7 6 6 8 6 6 5 5 5

Figure B-20 Proposed Schedule Day 8
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Figure B-21 Total Number of Patients per Time Slot Day 8

Day 9

Time [Type | 1] 2| 3] 4] 5| 6] 7] 8] 9of 10] 1a] 12] 13[ 14] 15[ 16] 27] 18] 19] 20| 21] 22] 23 24] 25] 26| 27] 28
2 3 3| 3] 3

3 6

4 6

4 | 10 10| 10| 10| 10| 10| 20 10] 20| 20[ 20| 20[ 20| 20| 20| 10] 10

4 | 1

4 1 1

5 | 1

5 9 o of of o of 9o of 9o of 9 o

6 6

7 8 8| 8| s s sl s g s s

8 9 o of of of of of of of of o 9

10| 9 o of of of of of of of of of 9

10 | 10 10| 20| 10] 20| 10| 10| 10| 10| 10| 10| 10[ 10| 20| 10| 20] 10
17| 7

19 [ 1 1

19| 3 3| 3] 3

19 5 s| s| 5| s| s

21| s s| s| 5| s| s
Total Patients 0 1 2 6 6 7 8 9 8 9 9 8 8 8 8 6 7 7 9 8 8 7 6 4 3 0 0 0

Figure B-22 Original Schedule Day 9
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Time [ Type 1) 2( 3[ 4] 5 6/ 7| 8| 9] 10f 11| 12| 13| 14| 15| 16| 17| 18| 19( 20| 21| 22| 23| 24| 25| 26| 27| 28
1 6

1 5 5( 5| 5

1 8 8| 8 8

1 9 9] 9] 9

3 10 10

3 10 10

9 7

9 6

10 9

10 11

10 11

12 1

16 3 3] 3] 3

18 [ 9 91 91 9 9 9 9 9 9 9 9 9
18 1 1

18 6

23 6

24 5 5 5 5 5[ 5
26 3

Total Patients | 4] 4[ 6 6] 6] 5 4 4 6 8 8 8 71 71 6 7[ 6 9 5 5 4 4 5 5 5 5 5 5

Figure B-23 Proposed Schedule Day 9
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Figure B-24 Total Number of Patients per Time Slot Day 9
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Day 10

Time | Type 1 2| 3] 4 5 6] 7[ 8 9] 10| 11| 12| 13| 14{ 15| 16| 17| 18| 19| 20| 21| 22| 23| 24| 25| 26| 27| 28
1 6

1 10 10{ 10{ 10} 10| 10{ 10] 10| 10 10| 10| 10f 10| 10| 10f 10| 10

1 10 10{ 10{ 10} 10| 10{ 10] 10| 10 10| 10| 10f 10| 10| 10f 10| 10

1 3 3 3] 3

4 11 11) 11 11f 13f 11} 11} 11} 11f 11f 11} 11} 11} 11| 11f 11| 11} 11} 11} 11

4 8 8 8 8 8 8 8 8 8 8

6 3 3[ 3] 3

6 3 3[ 3 3

7 1 1

8 10 10| 10| 10{ 10| 10| 10| 10| 10{ 10 10| 10| 10| 10| 10 10| 10

s [ 6 el e 6 ¢ o €

9 8 8 8 8 8 8 8 8 8 8

10 10 10| 10{ 10{ 10| 10| 10| 10| 10{ 10 10| 10} 10| 10{ 10f 10| 10
10 8 8 8 8 8 8 8 8 8 8

11 10 10| 10| 10{ 10{ 10| 10| 10| 10| 10{ 10{ 10| 10| 10| 10f 10f 10
16 1 1

16 3 3 3] 3

19 6

19 2

19 2

19 3 3[ 3[ 3

21 6

22 3 3[ 3[ 3

22 5 5 5 5 5 5
22 3 3[ 3 3

25 1 1
Total Patients 4 4] 4 5/ 51 71 71 8 7] 910/ 10] of 8 8 10f 7[ 6 8 8 7 9 8 7[ 5 31 0of 0

Figure B-25 Original Schedule Day 10
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Time | Type 11 2| 3| 4 51 6] 7| 8| 9| 10 11| 12| 13| 14| 15| 16| 17| 18| 19| 20| 21| 22| 23| 24| 25| 26| 27| 28
1 6

1 6

1 3 3[ 3] 3

3 10 10| 10| 10] 10

4 2

7 6

7 8 8

7 2

9 10 10| 10| 10) 10| 10| 10f 10{ 10| 10| 10

9 10 10 10| 10) 10| 10| 10f 10[ 10| 10| 10

10 10 10| 10| 10| 10| 10| 10{ 10| 10| 10| 10| 10f 10| 10| 10| 10| 10

10 8 8 8 8 8 8 8 8 8 8

12 10 10| 10| 10| 10| 10| 10{ 10| 10| 10| 10| 10{ 10| 10| 10| 10| 10
12 8 8 8 8 8 8 8 8 8 8

16 3 3 3] 3

16 3 3] 3] 3

16 3 3 31 3

20 1 1

24 5 5/ 5 5 5 5
26 3 3[ 3| 3
26 3 3[ 3| 3
26 3 3[ 3| 3
28 1 1
28 1 1
Total Patients 3( 3| 4 4] 4 3| 4| 4| 5/ 8| 8 10[ 9| 9 9| 11| 12 12| 7 8| 6 6] 5 6 4 6 6] 7

Figure B-26 Proposed Schedule Day 10
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Figure B-27 Total Number of Patients per Time Slot Day 10
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APPENDIX C

SIMULATION ARENA
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Development of ARENA Simulation Model

Patient Creation: The ARENA model was developed using historical data of
different patient types and approximate time of treatment. There are 12 different types of
patients based on length of infusion treatment. Patients are scheduled in advance using
historical schedules. ARENA reads the scheduled time from a designated excel file.
Patients are given appropriate attributes according to the ‘patient type’. A cumulative
probability matrix was used to assign the number of infusion drugs for each patient, as
shown in Table 1. Another cumulative probability matrix was used to decide the type of
premed (oral or 1V), as shown in Table 2. These two matrices were derived using
historical data.

Separating Patient and Information: Immediately after the arrival of each patient,
a duplicate of the entity (as information) goes to the pharmacy creating an order of all
necessary drugs. The drugs are then processed according to a schedule as explained in the
previous section.

Deciding Premed Requirements: The decision if the premed is required or not is
made using a variable matrix. If a premed is required, another decision is made to decide
type of premed. A percentage distribution has been used to make this decision. If IV-
premed is selected, a duplicate of this information goes to the pharmacy for preparing the
IV-premed.

Processing of Drugs at Pharmacy: The IV premed is processed with priority 2
and first infusion drug is processed with priority 1. The second infusion drug (if any) is

scheduled for processing 15 minutes before the first infusion treatment is scheduled to be
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completed. Preparation of any additional drugs follow the same principle. Preparation of
second or any additional infusion drugs has priority 1. This priority settings reduce the
waiting time of patients between infusion treatments.
Synchronizing patients and drugs: When both the patient and the drug are ready, a
match occurs in order to initiate further processing towards the treatment. This matching
is carried out using specific identification attribute in order to ensure the prepared drug

goes to its intended patient.

Table C-1 Cumulative probability matrix for number of infusion drugs
# of Infusion Drugs by Patient Type

1 2 3 4

Type 1 1 1 1 1
Type 2 1 1 1 1
Type 3 1 1 1 1

o Typed 0.50 0.90 1 1
S Types 0.50 0.85 1 1
= Type6 0.45 0.80 1 1
& Type7? 0.45 0.75 1 1
E Type 8 0.40 75.00 1 1
Type 9 0.35 0.60 1 1
Type 10 0.35 0.60 0.85 1
Type 11 0.25 0.65 0.95 1
Type 12 0.20 0.35 0.65 1

Table C-2 Cumulative probability matrix for number deciding number of PreMed
“# of PreMed Requirements by

Patient Type

1 2

Type 1 1 1
Type 2 1 1
Type 3 1 1

o Typed 0.60 1
& Type5 0.50 1
E Type6 0.40 1
&  Type7 0.30 1
E Type 8 0.20 1
Type 9 0.10 1
Type 10 0.10 1
Type 11 0.10 1
Type 12 0.10 1
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Administering Infusion Drug and Cross-checking: A preparation time has been
assigned to get the patient ready for the treatment prior to administering it. A single nurse
(resource) is seized for this preparation job. After this process, a second nurse is seized
with higher priority to cross-check the treatment plan. This cross-checking is a quick
process but requires the presence of two nurses.

Nurse Checks on the Patient During the Treatment: After administering the
infusion drug, the nurse is then released. Infusion treatment continues as per its time.
However, the nurse checks on the patient several times. The number of times to check on
the patient during each infusion drug is determined using a probability index [DISC(0.5,
1, 0.8, 2, 1.0, 3)]. Similar checking concept has been applied while the IV-premed

treatment is ongoing.

Model Assumptions

Assumptions made while developing the simulation model using ARENA include

1. No-shows or cancellations were not part of simulation process. Currently the
clinic where the study was conducted has a low rate of no-shows and last-minute
cancellations.

2. Patients arrived to the infusion area at their scheduled time.

3. Patients got the treatment they came for and no complication happened during
treatment.

4. The infusion area had two pods of chairs, six chairs in each pod and one private
bed. Though each pod has assigned nurses, it was observed that the nurses were

switching pods if either side was significantly busier. To simplify the model, both
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pods were assumed as a single one and all nurses were assigned to serve patients
from any pod.
5. Resources were fixed throughout the day (i.e. same number of nurses, chairs, and

pharmacists).

ARENA Screen

Figure C-1 Total Screen
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Figure C-3 Section 2 Screen



Figure C-4 Section 3 Screen



