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ABSTRACT

Every year, the U.S. healthcare system becomes more complex and increasingly fragmented.
Inefficiency and disintegration of its structure and operations reveal serious issues in many sectors
of the system. In particular, emergency departments (ED) and primary care face a growing crisis
although they play significant roles in our healthcare system as a safety net for the U.S. population
and as the backbone of the nation’ healthcare system. Long waiting times, increasing left without
being seen rates, and frequent ambulance diversions in the ED jeopardize patient safety. The lack
of care coordination between primary care and specialty care does not optimally improve outcomes
of the increasing patient population with multiple chronic diseases, which leads to high mortality
and excessive costs.
To tackle these problems facing EDs and primary care, significant efforts have been made from
streamlining operational processes to changing organizational structures to enforcing new
healthcare policies. However, many of the needs that drove these attempts still remain unfulfilled.
The limited success of the improvement efforts is probably because many of the approaches have
focused on optimizing sub-systems in isolation. Another main reason for the gap is probably that
research addressing the healthcare problems has not reached its full potential for translation into
practice. To improve these challenges in the current healthcare systems, we must understand their
complexity and bridge the gaps that exist within them.
Therefore, the objective of this dissertation is threefold: 1) to propose innovative solutions that
address the improvement needs, 2) to develop models that integrate systems engineering
methodologies to analyze the solutions from a holistic perspective, and 3) to lay the groundwork
for translational research that promotes the implementation of innovative solutions for an efficient
and integrated healthcare system. To achieve these objectives, this dissertation investigated three
different levels of the healthcare system architecture – process, system structure, and environment.
First, we focused on admission processes between the emergency department (ED) and inpatient
wards in a hospital to improve ED crowding problems. The objective of this study was to build a
better understanding of admission process policies (APPs) in the ED and to investigate the systemic
effect of APPs on patient flow. Various APPs were modeled using discrete-event simulation, and
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their impacts on patient flow were evaluated with respect to a set of performance measures. The
simulation results of the case study at the Penn State Hershey Medical Center showed that the
alternative APPs were all effective in reducing the length of stay (LOS) of admitted patients
compared to the current APP. The improved flow of admitted patients affected the LOS of
discharged patients and the overall LOS. This study highlighted the importance of the integrated
point of view to improve patient flow by demonstrating that ED change made in the model did not
yield results in a linear fashion because of the interrelated actors and processes of a system. It also
showed the potential value of leveraging APPs to reduce ED crowding.
Then, we extended our research scope to include organizational structures of primary care and
nephrology care for patients with chronic kidney disease (CKD). The objective of this study was
to develop interventions that facilitate a transformation of the current healthcare delivery system
into a patient-centered medical home for CKD care and to assess potential impacts of the
interventions on the system. This study applied system dynamics methodologies to build conceptual
and simulation models. Then, a multi-criteria goal programming was developed to determine the
required capacity of resources for a new system. Results from both qualitative and quantitative
models revealed the crucial roles of primary care physicians and care coordination between care
settings in improving care for CKD patients. The study results also emphasized the importance of
well-balanced allocations of resources and attentions to meet multiple concurrent goals.
Finally, we developed an aggregated ED performance measure that incorporates multifaceted
aspects of the care system ranging from processes to environment. Using the proposed ED
performance measure, this study aimed to benchmark EDs and capture the overall performance of
EDs with respect to technical and scale efficiencies. This study used a two-stage data envelopment
analysis (DEA) approach in which the efficiencies of EDs were estimated in the first stage and the
significant exogenous factors affecting EDs’ technical efficiency were investigated in the second
stage. To our best knowledge, this is the first study that examines the scale and technical efficiencies
of a large number of EDs. The results of input-oriented DEA models indicated that many EDs
deployed their key inputs at less than the optimal level. Further analysis of the DEA models
indicated that the scale and technical efficiencies among the small, medium, and large groups are
statistically different. Based on the DEA results, a multivariate logit model was constructed to
investigate significant exogenous factors that impact the technical efficiency of EDs. This research
is significant in that hospitals can use these models as benchmarking tools, and the findings can be
a basis to redesign EDs with respect to critical hospital resources for performance improvement.
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Introduction

1.1. Challenges in the current healthcare delivery system
Fragmented and inefficient systems have caused rising costs, poor patient outcomes, and limited
access to care. In the U.S., healthcare expenditures have increased more than tenfold, from $256
billion in 1980 to nearly $2.7 trillion in 2011, and are projected to rise to $4.7 trillion in 2019
(National Center for Health Statistics, 2014). Spread over the population, the financial burden for
healthcare for each person has significantly grown from $1,110 to $ 8,402 over 30 years (Nielsen,
Langner, Zema, Hacker, & Grundy, 2012). However, more expensive healthcare has not led to
better quality of care overall. Life expectancy at birth in the U.S. is estimated as 78.49 years, which
ranks 51th among 222 countries in highest total life expectancy (Central Intelligence Agency, 2013).
Every year in the U.S. at least 1.5 million preventable adverse drug events occur (IOM, 2006), and
as many as 98,000 people die due to preventable medical errors (American Association for Justice,
2012). Access to health services is vital to achieve the best health outcomes, but high costs and
limited resources have hindered access to care. In 2012, about 6.2% of the U.S. population failed
to obtain needed medical care due to cost, and 14.7% of the population did not have health
insurance (Centers for Disease Control and Prevention, 2013). In 2013, the U.S. had 2.5 practicing
physicians per 1,000 population, ranked 22nd among the 34 OECD countries for the number of
physicians per capita (OECD, 2013).
Many sectors of the U.S. healthcare delivery system reveal serious issues stemming from the
inefficiency and disintegration of their structures and operations. Crowding in emergency
departments (ED) has been recognized as one of the major problems with hospitals. The National
Center for Health Statistics (NCHS) reported the mean waiting time in EDs increased 25%, from
46.5 minutes to 58.1 minutes, between 2003 and 2009 (Hing & Huiya, 2012). Long waiting times

increase risk of adverse events such as death, raise left without being seen (LWBS) rates, lead to
ambulance diversions, decrease patient satisfaction, and reduce physician productivity and
satisfaction (BMJ-British Medical Journal, 2011; Derlet & Richards, 2000; Hoot & Aronsky, 2008;
Vieth & Rhodes, 2006). Studies have pointed out that increasing ED visits, including unnecessary
visits, are highly correlated with ED crowding (Hing & Huiya, 2012). Delayed inpatient boarding
has also been indicated as one of the major sources of crowding (Fatovich, Nagree, & Sprivulis,
2005; Hoot & Aronsky, 2008). These issues are difficult to resolve because their causes are
associated with not only EDs but also with other parts of a healthcare system. For example, the lack
of primary care availability brings non-urgent patients’ visits to EDs (Rust et al., 2008; Twanmoh
& Cunningham, 2006). Hospital bed shortage blocks patients requiring inpatient care, which causes
their prolonged stay in the ED (Twanmoh & Cunningham, 2006). That is, ED crowding is a
complex system problem rather than a problem of ED only.
Primary care in the U.S. faces a growing crisis. The number of medical students who choose this
field has decreased at a time when there is growing demand for primary care (Jolly, Erikson, &
Garrison, 2013). A shortage of primary care physicians (PCPs) affects both patients and care
providers. Patients are dissatisfied with the difficulty of access to primary care and the short amount
of time spent with their physicians. Care providers are frustrated with the heavy workload and
insufficient reimbursement systems (Bodenheimer, 2006). The limited access to primary care also
affects other systems of care such as EDs, as mentioned above. The Affordable Care Act (ACA)
will increase the number of individuals eligible for primary care services (Abrams, 2011), but the
capability of the primary care system to accommodate this increased demand is still questionable.
Continuously increasing since 2001, as of 2012 the number of U.S. adults with at least one chronic
health condition stood at one-half of the population (117 million people), and about half of this
afflicted population had multiple chronic illnesses (Centers for Disease Control and Prevention,
2014b; Ward, Schiller, & Goodman, 2014). Strong primary care is paramount to improving the
overall performance of the health (American College of Physicians, 2008; Robinson & Westfall,
2011). Under the increasing prevalence of chronic disease, the role of primary care for care
coordination and care management is particularly crucial because PCPs interact with many other
doctors in various practices. For example, a study conducted by Pham et al. (Pham, O’Malley, Bach,
Saiontz-Martinez, & Schrag, 2009) showed that the number of other physicians and practices with
whom PCPs had to coordinate care for Medicare beneficiaries ranged from 125 to 340, with a
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median of 229 physicians in 117 practices. However, care coordination between primary care and
other care settings has not reached its goals due to obstacles such as communication failure, a lack
of timely information delivery, a lack of appropriate information technology, and payment policies
(Bodenheimer, 2008; Burton, 2012; Gandhi et al., 2000). The gaps in care coordination have led to
providers’ and patients’ dissatisfaction, cost escalation, and poor patient outcomes (Gandhi et al.,
2000; Rabin, 2013; Schoen et al., 2004, 2011; Thorpe & Howard, 2006).
Measuring the performance of a healthcare system can play a significant role in improving the
system by promoting goal setting, assessing gaps between goals and actual achievement, and
facilitating communication (Metzenbaum, 2006). However, performance measurement of the U.S.
healthcare system remains disintegrated (Arthur, 2011). There exists no single standardized
hospital performance measure. Organizations have established different sets of performance
metrics to assess the efficiency and effectiveness of processes and outcomes (Arthur, 2011; Urgent
Matters, 2010). For example, the National Quality Forum (NQF) has endorsed 22 ED performance
measures that focus on clinical quality, coordination, and efficiency (National Quality Forum,
2009). The Centers for Medicare and Medicaid Services (CMS) has used ED performance metrics
that emphasize ED process and throughput. Only some of those ED metrics employed by the CMS
include the NSF-endorsed measures. Furthermore, performance measures used by hospitals and
insurance companies are not the same as those endorsed by the NQF and the CMS. These diverse
performance measures increase complexity, which leads to inefficiency and inaccuracy.
Many performance measures used in the U.S. healthcare system are collections of metrics that
reflect disaggregated parts of a system (Welch, Stone-Griffith, et al., 2011). Those fragmented
performance measures make it difficult to understand the system’s overall performance. For
example, commonly used ED metrics across organizations include an average time from ED arrival
to ED depart (i.e., length of stay (LOS)), an average time to electrocardiogram, and an average time
from admit decision to ED departure time. An ED that has a short average time to ECG may have
a long average LOS in the ED. In this case, to conclude that the ED operates its process efficiently
is disputable. Also, even if an ED achieves high performance for these operational efficiency
measures overall, this does not necessarily mean that the ED provides high quality of care. Instead,
expedited processes could compromise patient safety and outcomes. The commonly adopted
performance measures have other challenges in that different definitions exist for the same
performance measures (Rabin et al., 2012). For example, a traditional measure such as “door to
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doctor” can be variably defined and collected based upon when the patent arrives. Depending on
the system, a patient arrival time can be defined as when the patient arrives at the health campus,
but it also can be defined as the first point of contact with a triage nurse or a registration clerk.
Similarly, in the same metric, defining when the “doctor time” is can be controversial. The lack of
standardized definitions restricts the practical contribution of gathered information. A simple
comparison of the performance of different systems by using a set of those metrics may give
inaccurate information. Standardized performance measurement that can reflect integrated aspects
of a system is inevitable.

1.2. Approaches to improve the U.S. healthcare system

A transformation to an efficient, integrated, patient-centered delivery system is imperative to
overcome these described problems in the U.S. healthcare system. In response, increasing attention
has been paid to improving efficiency of health delivery systems and coordination of care between
the systems. For example, many studies have suggested potential solutions for ED crowding (Hoot
& Aronsky, 2008). A few studies suggested ED capacity expansion to help accommodate more
patients (Hoot & Aronsky, 2008). Some studies indicated that improved access to primary care and
referrals can help non-urgent patients avoid ED visits (Billings, Parikh, & Mijanovic, 2000;
Grumbach, Keane, & Bindman, 1993; Michelen, Martinez, Lee, & Wheeler, 2006). Many studies
also proposed separate care for minor injuries to reduce waiting times in the ED (Cooke, Wilson,
& Pearson, 2002; Fernandes, Christenson, & Price, 1996). Better staff scheduling and additional
resources were also expected to help increase throughput (Centeno, Giachetti, Linn, & Ismail, 2003;
Rossetti, Trzcinski, & Syverud, 1999; Shaw & Lavelle, 1998). However, not all hospitals have
found great success with these improvement initiatives. The hospitals’ limited accomplishments
may be due to isolated approaches that do not consider the association of EDs with other aspects
of a system holistically.
The health care reform discussions in the U.S. have drawn attention to the importance of primary
care in the healthcare delivery system (Rittenhouse & Shortell, 2009). A patient-centered medical
home (PCMH) model has been recognized as a potential solution to reduce the strain on primary
care and to enhance care coordination (Grumbach & Grundy, 2010; Reid et al., 2009). The PCMH
model focuses on enhancing the patient experience and maximizing health outcomes. The Patient-
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Centered Primary Care Collaborative (PCPCC) describes PCMH as an approach to enhance
primary care that supports the goals of the Triple Aim: improve the experience of care, improve
the health of populations, and reduce per-capita costs of health care (Patient-Centered Primary Care
Collaborative, 2014). The Agency for Healthcare Research and Quality (AHRQ) defines the five
key attributes of care that PCMH embraces as comprehensive, patient-centered, coordinated,
accessible, and committed to quality and safety (Agency for Healthcare Research and Quality,
2011). Appropriate compensation and robust information technology are also essential to
accomplish the goals of PCMH (Berenson et al., 2008). The PCMH provides potential benefits not
only to patients and their caregivers but also to other healthcare stakeholders (Adams, Grundy,
Kohn, & Mounib, 2009). For example, the PCMH helps enable PCPs to receive fair compensation
for preventive and managed care and rewards them based on improved patient outcomes. Under
the PCMH, specialists receive timely referrals that can trigger financial incentives. Coordinated
care between PCPs and specialists is likely to reduce hospital readmissions, one of the key
performance measures associated with financial penalty. To gain these potential benefits within the
PCMH, care coordination is critical (Taylor, Lake, Nysenbaum, Peterson, & Meyers, 2011).
Given the challenges presented by the current performance measurements, increasing effort has
been directed toward the establishment of standardized performance measures and the
understanding the aggregate performance of a given system. To promote the use of standardized
definitions and metrics, the emergency medicine leaders who are members of the Performance
Measures Summit categorized and defined terms and performance measures that have been widely
utilized (Schull et al., 2011; Welch, Stone-Griffith, et al., 2011). The Urgent Matters Learning
Network II, a nationwide collaborative of six hospitals, deployed seven ED performance measures,
which were endorsed by the NSQ and/or used by the CMS, and highlighted important impacts of
the standardized measurement on EDs and hospitals (Urgent Matters, 2010). To overcome
limitations of fragmented measurement, some studies have proposed multi-dimensional ED
performance measures such as Emergency Department Work Index (EDWIN) (Bernstein,
Verghese, Leung, Lunney, & Perez, 2003), National ED Overcrowding Survey (Weiss et al., 2004),
and the Real-time Emergency Analysis of Demand Indicators (READI) (Reeder, 2003). These
metrics can contribute to capture various aspects of a system. However, the utilization of these
measures for comparing different systems still remains an issue because the multi-dimensional
measures tend to use simple ratios in which weights between variables are determined arbitrarily.
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Emerging healthcare information technology (HIT), such as electronic health records (EHRs), has
a strong potential to facilitate the improvement of a healthcare delivery system. EHRs can help
health institutions collect more accurate data and better utilize the information for process
improvement (Tarafdar & Gordon, 2007). EHRs are expected to improve quality of preventive and
chronic care through better access to appropriate data and evidence-based care (Cebul, Love, Jain,
& Hebert, 2011). A widespread adoption of EHRs creates opportunities to enhance coordinated
care within and between practices (O’Malley, Grossman, Cohen, Kemper, & Pham, 2010). It is
also believed that EHR use will reduce the costs of care (Bates, 2010). These benefits have not yet
fully translated into practice because of practical and financial obstacles (Bates, 2010). However,
with growing attention to and investment in HIT and regulations on the meaningful use of the
information under the ACA, the contribution of HIT to transforming a current system seems
positive.

1.3. Systems engineering methods to support healthcare system improvement

Systems engineering methods have a strong potential to address challenges in healthcare systems
and facilitate the endeavor to improve them (Reid, Compton, Grossman, & Fanjiang, 2005). Under
the circumstance that a healthcare system has very slowly adopted engineering approaches in
limited areas compared to other service industries, the Institution of Medicine (IOM) and the
National Academy of Engineering (NAE) jointly published a report titled Building a Better
Delivery System (Reid et al., 2005), which emphasized the necessity of a new partnership between
systems engineering and health care. In particular, the institutions endorsed applying system
engineering tools and information technology to transform the current under-performing and
fragmented healthcare delivery system into one achieving the six IOM quality aims (a safe,
effective, patient-centered, timely, efficient, and equitable healthcare system (Institution of
Medicine [IOM], 2001)). Table 1-1 shows various systems engineering tools and their main
application areas. Engineering tools were classified into three major categories: 1) tools for system
design, 2) tools for system analysis, and 3) tools for system control. Each tool was matched to
applicable areas among the four out of the six levels of the healthcare system that are patient, people,
team, organization, network, and environment (PPTONE). Using the tools, engineers can help plan,
measure, optimize, anticipate, and manage various issues in a large, complex healthcare delivery
system.
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Since the report, Building a Better Delivery System, was published in 2005 (Reid et al., 2005),
awareness of the importance of systems engineering approaches in a healthcare delivery system
has grown. In addition to the IOM and NAE, other organizations have supported the application of
systems engineering approaches in healthcare. For example, the Agency for Healthcare Research
and Quality (AHRQ) released a report that identifies the barriers and facilitators to achieve changes
using industrial and systems engineering and highlights an associated future research agenda
(Valdez, Ramly, & Brennan, 2010). Recently, the President's Council of Advisors on Science and
Technology (PCAST) published a report that emphasizes systems engineering methods for a better
healthcare system (President’s Council of Advisors on Science and Technology, 2014). One of the
researchers from the National Quality Forum who helped create the PCAST report said, "During
the next years of implementation of the Affordable Care Act, systems engineering should become
a core function for improving the health of all Americans (Bowman, 2014)."
In short, the fragmented U.S. healthcare delivery system poses significant challenges. In particular,
EDs and primary care face growing problems with the provision of efficient and coordinated care.
To address these issues, approaches that help integrate various dimensions of a system and
understand its complexity are required. Effective use of systems engineering methods has a great
potential to support this need by improving design, analysis, and control of the system.
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Table 1-1. Systems Engineering Tools and Research for Health Care Delivery
(Reid, Compton, Grossman, & Fanjiang, 2005)

SYSTEMS-DESIGN TOOLS
Tool/Research Area

Patient

Concurrent engineering and quality function
deployment
Human-factors engineering

X

Tools for failure analysis

Team

Organization

X

X

X

X

X

X

Environment

X

SYSTEMS-ANALYSIS TOOLS
Tool/Research Area

Patient

Team

Organization

Environment

Queuing methods

X

X

Discrete-event simulation

X

X

X

Supply-chain management

X

X

X

Game theory and contracts

X

X

X

Systems-dynamics models

X

X

X

Productivity measuring and monitoring

X

X

X

X

X

X

X

X

X

X

X

Modeling and Simulation

Enterprise-Management Tools

Financial Engineering and Risk Analysis Tools
Stochastic analysis and value-at-risk
Optimization tools for individual decision
making

X

Distributed decision making (market models
and agency theory)
Knowledge Discovery in Databases
Data mining
Predictive modeling

X

X

X

Neural networks

X

X

X

Patient

Team

Organization

Environment

X

X

X

X

X

Systems-Control Tools
Tool/Research Area
Statistical process control
Scheduling
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1.4. Research objective and overview
The overall vision of this research is to stimulate innovative solutions that focus on creating the
following values:


Efficient patient flow



Integrated care transitions throughout a healthcare delivery system



Effective care management



Continuous system improvement

Achievement of these values will ultimately lead to advance the current system to become a new
system that fulfills all six of the IOM quality aims.
A healthcare system comprising many different elements is inherently complex. Diverse
stakeholders interact each other to attain their own goals, which frequently conflict with others’
goals. In addition to this complexity, fragmented processes and policies have strained the U.S.
healthcare delivery system. Reducing complexity and integrating fragmentation are keys to
improving the system. More specifically, decomposing a whole system into parts can help us to
understand interactions between components and manage subsystems more effectively. Beyond
this, interventions that bridge “silo” elements of a system can benefit all stakeholders. Finally, an
analysis that looks at a system holistically can prevent unintended consequences stemming from
the neglect of the interrelated nature of a healthcare system.
The objective of this dissertation is threefold: 1) to propose innovative solutions that address the
improvement needs, 2) to develop models that integrate systems engineering methodologies to
analyze the solutions from a holistic perspective, and 3) to lay the groundwork for translational
research that promotes the implementation of innovative solutions for an efficient and integrated
healthcare system.
To achieve these objectives, this dissertation investigated three different levels of the healthcare
system architecture – process, system structure, and environment.
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Patient Flow in the Emergency Department: A Classification and Analysis of Admission
Process Policies
First, we focus on admission processes between the emergency department (ED) and an inpatient
unit in a large hospital to improve ED crowding problems. The objective of this research is to
investigate the effect of admission policies on patient flow in the ED. Compared to studies that
addressed isolated patient flow in one department, this research analyzes the integrated workflow
of patients and care providers between two departments, from an ED to an inpatient unit. To better
comprehend admission process policies, a survey was performed with an advisory panel group that
consisted of eight physicians in the ED and internal medicine. Various admission process policies
are classified into four types based on who was responsible for making the admissions decision.
Using discrete event simulation based on data from the Penn State Hershey Medical Center
(PSHMC), this research assesses the impact of six different admission processes on patient flow
for discharged and admitted patients. Through the classification of existing admission process
policies and the analysis of simulation results, this research contributes to demonstrating the
potential value of leveraging admission process polices and developing a framework for pursuing
these polices. The research also demonstrates that small changes in procedure can result in
important changes in patient flow.
Dynamic Behaviors of a Healthcare System under PCMH: An Integrated Approach to
Predict the Overall Impact of Interventions to Improve Chronic Kidney Disease
This research studies a healthcare delivery system between primary care and nephrology care for
patients with chronic kidney disease (CKD). The objective of this research is to develop
interventions that facilitate a transformation of the current healthcare delivery system into a PCMH
for CKD care and to assess potential impacts of the interventions on a system. To achieve this
objective, this research is conducted in four phases that use three qualitative/quantitative models.
First, the findings from focus-group interviews with a patient-advisory group, physicians, and care
managers are presented. Feedback loops associated with interventions are represented and analyzed
using a systems thinking approach. The interventions are further investigated by a system dynamics
model that integrates people, process, and policy. Through the model, long-term consequences of
the proposed interventions on key outcomes are estimated and compared. Then, a multi-criteria
goal programming is developed to determine the required capacity and allocation of resources for
a new system. This research contributes to developing a platform for prospective planning and
10

evaluating of patient-centered interventions from a systems perspective. This platform can be
transferable to other healthcare organizations.
Assessment of Performance Measures for Emergency Departments
We developed an aggregated ED performance measure that incorporates multifaceted aspects of
the care system ranging from processes to environment. Using the proposed ED performance
measure, this study aims to benchmark EDs and capture the overall performance of EDs with
respect to technical and scale efficiencies. To overcome limitations with many existing
measurements that make it difficult to understand the overall system performance and to compare
performance between different organizations, this research formulates data envelopment analysis
(DEA) models that involve multiple inputs and outputs and derive efficiency scores for individual
EDs. Using the Emergency Department Benchmarking Alliance (EDBA) database, the models are
tested for 345 EDs across the nation. To our best knowledge, this is the first study that examines
scale and technical efficiencies of a large number of EDs. Based on the DEA results, a multivariate
logit model is constructed to investigate significant exogenous factors that impact the technical
efficiency of EDs. This research is significant in that hospitals can use these models as
benchmarking tools, and the findings can be a basis to redesign EDs with respect to critical hospital
resources for performance improvement.
Table 1-2 summarizes the overview of these three main topics in terms of care settings, topics, data
sources, methods, interventions, and goals.
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Table 1-2. Overview of the three main topics of this dissertation

CHAPTER

CHAPTER 3

CHAPTER 4

 Emergency department

 Primary care

CARE SETTING

 Internal medicine

 Nephrology care

MAIN TOPIC

 Patient flow

 Care coordination

CHAPTER 5
 Emergency department
 Efficiency performance
measures

MAIN DATA
SOURCES

MAIN METHODS

 Penn State Hershey

 United States Renal Data

Medical Center (2012)
 Discrete event simulation

System (USRDS)

(EDBA, 2012)

 System dynamics

 Data envelopment

programming
 Admission process
policies

Benchmarking Alliance

 U.S. Health 2012
 Preemptive goal

INTERVENTIONS
/SOLUTIONS

 Emergency Department

analysis
 Logistic regression

 Physician education

 Scale efficiency

 Primary care team

 Technical efficiency

building
 Care manager education
 Care coordination
GOALS

 To build a better

 To support for

understanding of

prospective planning and

admission process

evaluation of

policies

interventions

 To investigate the

 To develop an aggregated
performance measure
 To investigate significant
exogenous factors
affecting the technical

systemic effect of

efficiency of EDs.

admission process
policies on patient flow in
the ED
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1.5. Outline
The remainder of this dissertation is organized as follows. Chapter 2 provides a review of literature
on healthcare system topics associated with EDs and primary care, and it also provides a review of
key methods used in this dissertation. Chapters 3 through 5 outline studies on each of the three
topics. Chapter 3 addresses patient flow in the emergency department. Chapter 4 addresses dynamic
behaviors of a healthcare system for CKD care under PCMH. Chapter 5 addresses performance
measures for emergency departments. Finally, Chapter 6 provides a summary of the dissertation
and future work.
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Literature Review

2.1. ED process improvement
ED overcrowding and prolonged waiting times pose significant and increasing problems to patients,
care providers, and a healthcare system. The challenges have prompted hospitals to seek ways to
transform their EDs into a more efficient setting. In response, an ever-growing number of studies
has proposed novel models of care and has shown these models’ effects on patient flow in the ED.
These studies can be largely classified into two categories: 1) empirical studies performed at a
single or multiple institution(s) and 2) modeling studies using systems engineering methods such
as a simulation, queuing theory, and six sigma.

2.1.1.

Empirical studies

Many studies redesigned the ED to separate patient flow based on acuity levels. Since patients with
different acuity levels require various amounts of resources and care-paths, treating all patients in
the same setting may lead to variability in workflow. To further standardize these processes,
hospitals have assigned a designated space and resources for patients with lower acuity levels. A
fast track (FT) is one of the most popular approaches. Sanchez et al. (Sanchez, Smally, Grant, &
Jacobs, 2006), Nash et al. (Nash, Zachariah, Nitschmann, & Psencik, 2007), and Combs et al.
(Combs, Chapman, & Bushby, 2007) have opened a FT area and found that ED process improved
after the implementation. The studies reported reductions in flow times and LWBS rates both in a
fast track and in the main ED. Quattrini and Swan reviewed ED studies using FTs with respect to
a structure-process-outcome quality framework (Quattrini & Swan, 2011). They highlighted how
many outcomes of FTs have been reported, but less attention has been made to investigate the
structure and process for the development and implementation of the new model. Arya et al.
adopted a split emergency severity index (ESI) 3 patient model that divides high-variability and
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low-variability ESI 3 patients into separate streams. With ESI 4 and 5 patients, low-variability ESI
3 patients are sent to the intake area, where assessment, diagnostics, medications, treatments are
performed. The remaining patients, including high-variability ESI 3 patients, are sent to the main
ED after receiving a regular triage procedure. The study stratified the results by ESI and the first
diagnosis code for the most frequent visits. It turned out that the advanced FT model had a
significant impact on reducing the LOS for patients with ESI 3 and 4 and for visits for patients with
headaches, abdominal pains, and superficial injuries.
Several studies have implemented physician-initiated triage, where ED residents (Svirsky et al.,
2013), physician assistants, and attending physicians (Rowe et al., 2011) see patients and order
tests for patients in triage. The studies showed that physician-directed triage systems can shorten
LOS in the ED and improve patient satisfaction. The advanced model also intended to provide more
accurate diagnoses and order necessary tests compared to nurse-initiated triage.
A rapid triage system has been integrated with other interventions to eliminate multiple queues in
the ED. Sharieff et al. redesigned the ED by adopting a rapid triage process, increasing bed space
by replacing some beds with recliner gurneys and separating the ED into two treatment areas for
different acuity patients (Sharieff et al., 2013). As a result, the ED observed significant reductions
in time to physician, the LWBS rate, and the average LOS. Cambridge Health Alliance
implemented initiatives across its three facilities with the aim to put patients in the center of the
process and eliminate bottlenecks (“System-wide flow initiative slashes patient wait times in the
ED, boosts volume by 25%,” 2012). Patient partners were hired to streamline patient flow from
arrival to rapid assessment. For lower acuity level patients, a nurse takes a series of procedures
from triage to care in rapid assessment, which prevents the patient from seeing several care
providers. When a physician assistant on staff in rapid assessment is available, he or she sees a
patient with the triage nurse to reduce assessment time and repetitive questions. The system-wide
changes significantly transformed all three facilities and led to improved patient flow, increased
patient volume, and elevated patient satisfaction. Chan et al. redesigned processes in the ED, called
rapid entry and accelerated care at triage (REACT), and evaluated whether the interventions affect
the proportion of patients LWBS (Chan, Killeen, Kelly, & Guss, 2005). The new process was
designed to reduce multiple queues in the system by speeding up registration, triage, and placement
of a patient in an examination room. When an ED bed is not available, a physician orders ancillary
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tests and administers initial treatments at triage. A new ED REACT led to a decrease in average
waiting times for ED beds, overall LOS, and the LWBS rate.
Team-based care also affects patient flow. Athlin et al. conducted a longitudinal study to evaluate
the impact of a multidisciplinary team on patient flow (Muntlin Athlin, von Thiele Schwarz, &
Farrohknia, 2013). Prior to implementing the team-based treatment approach, the staff met almost
every patient, and patients met a number of staff before seeing a physician because the staff
workflow was determined based on tasks rather than patients. However, after the implementation
of the new approach, a team consisting of 2 nurses and 1 physician takes care of a whole process
for a certain group of patients. The teamwork-based care contributed to a reduction in waiting times,
time to doctor interval, and total flow time.
This integration of various technologies has helped hospitals enhance patient flow in the ED. A
computerized provider order entry (CPOE) system has played an important role in improving
patient flow, clinical work, decision support, and patient safety (Georgiou et al., 2013). In particular,
several studies highlighted the impact of the implementation of CPOE on patient flow, such as
turnaround times and LOS (Spalding, Mayer, Ginde, Lowenstein, & Yaron, 2011; Vartak, Crandall,
Brokel, Wakefield, & Ward, 2009; Westbrook, Georgiou, & Lam, 2009). In addition, real-time
locating system (RTLS) has recently started to be adopted in EDs for more efficient and effective
patient flow management. By using more accurate patient flow data captured by this technology,
several studies were able to identify bottlenecks in the system and implement interventions (Amini,
Otondo, Janz, & Pitts, 2007; Coleman, Hammerschmith, & Duvall, 2013; “Real-time tracking data
drive process improvements, even while ED volumes continue to climb.,” 2012; Stahl, Drew,
Leone, & Crowley, 2011). As a result, positive outcomes, including reduced waiting times,
treatment times, and total flow times, have been seen.

2.1.2.

Modeling studies using systems engineering methods

2.1.2.1. Computer simulation
Numerous studies have applied systems engineering approaches to model the ED and predict the
effects of interventions on process improvement. Among the approaches, a computer simulation
modeling has been most widely used. Commonly applied simulation techniques to healthcare
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problems include Monte-Carlo simulation (MCS), system dynamics (SD), agent-based modeling
(ABM), and discrete-event simulation (DES). The main application of these techniques to
healthcare problems differs based on their key features. DES allows users to model various flows
of individual entities and their interactions with other resources in a dynamic system. Due to these
properties, DES has been broadly adopted to predict the potential impacts of implementations on
patient flow before making a change to a system. DES studies for ED problems will be discussed
in further detail in a later section. Even though the other three simulation techniques (MCS, SD,
and ABM) have been more actively utilized in other areas of healthcare, there are several studies
addressing patient care in the ED. For example, Goehler et al. developed a MCS model to evaluate
the cost-effectiveness of triage methods for patients with chest pain in the ED (Goehler et al., 2011).
Brailsford et al. used a SD approach to show dynamic patient flow in the ED and to identify
bottlenecks in the system (Brailsford, Lattimer, Tarnaras, & Turnbull, 2004). Laskowsk et al.
applied an ABM that models patients and healthcare workers as agents in order to simulate the
spread of influenza-like illness in the ED and assesse infection control strategies (Laskowski et al.,
2011).
2.1.2.2. Queuing theory
Although fewer studies have used queuing theories to model patient flow, the number of its
application is constantly growing. For example, Tan et al. developed a time-varying M/M/s queuing
model to evaluate the effects of a dynamic priority policy on patient flow (Tan, Wang, & Lau,
2012). In the model, the priorities of patients in the queue are recalculated whenever a physician
becomes available to see a patient. The experiment showed that the new strategy is more effective
in reducing average LOS compared to using a first-in first-out (FIFO) policy. Queuing analysis is
more commonly employed as an analytical tool to determine the proper capacity of healthcare
resources such as beds and staffing to reduce delays and satisfy a certain service level. Green et al.
developed a M/M/n model to determine flexible staffing levels corresponding to various arrival
rates in the ED (Green, Soares, Giglio, & Green, 2006). The new ED provider staffing proposed
by the model led to a reduction in ED delays and LWBS levels. Cochrana and Roche used a queuing
network model for capacity planning in the ED that can satisfy management’s desired performance
metrics (Cochran & Roche, 2009). The model was designed to capture patient acuity mix, arrival
patterns and volumes, and an ED’s process efficiencies to determine ED areas sizes.
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2.1.2.3. Six sigma
Several studies have used lean principles and six sigma to improve patient flow and the quality of
care in the ED. Dickson et al. demonstrated how the institution had applied lean techniques in the
ED and how the changes affected the process (Dickson, Singh, Cheung, Wyatt, & Nugent, 2009).
The project began with educating ED managers and staff on the importance of lean approaches for
process improvement. The participants enhanced their understanding of the current process by
developing a value stream map (VSM), which helped stakeholders discover process improvement
ideas and redesign the process map with selected changes. New procedures adopted in the studies
included increasing the utilization of exam rooms, a team approach to treating patients, and
ordering tests earlier in the process. As a result, hospitals experienced reduced patient LOS and
improved patient satisfaction without raising the cost per patient. On the other hand, Majid et al.
adopted the six sigma DMAIC (define-measure-analyze-implement-control) method to identify the
root causes of long waiting times and proposed interventions to improve the process (Majid, Mohd
Suradi, & Ahmad Sabri, 2013). In addition, they built queuing models to measure the critical-toquality factors, such as waiting times and system utilization. The study found that the number of
staff for non-emergent patients should be increased to accommodate the high patient volume.
Kumar and Thomas utilized a DMAIC approach with evidence-based medicine to develop a new
process flow model for patients with chest pain (Kumar & Thomas, 2010) . Parks et al. applied the
six sigma method to diagnose problems causing delay in the trauma resuscitation unit and to
identify opportunities to improve operational efficiency (Parks, Klein, Frankel, Friese, & Shafi,
2008).

2.2. Exogenous factors contributing to ED performance measures

As previously mentioned, EDs have paid a lot of attention to identifying bottlenecks in processes
and to improving the problems by designing new models and adopting new technologies. However,
there are exogenous factors that affect ED performance but are not controllable by ED care
providers or hospital managers. It is important to understand significant external or environmental
factors affecting ED operations and the levels of impact for more accurate performance assessment
and system comparisons.
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Many studies have investigated exogenous factors that affect ED operational metrics. Pines et al.
demonstrated that smaller, rural, non-teaching hospitals were associated with shorter waiting times,
shorter overall length of stay, and lower rates of LWBS (Pines, Decker, & Hu, 2012). Gardner et
al. showed that hospitals located in a metropolitan area had a longer ED stays for admitted patients
(Gardner, Sarkar, Maselli, & Gonzales, 2007), and Pham et al. showed that those hospitals had
higher LWBS rate (Pham, Ho, Hill, McCarthy, & Pronovost, 2009). Hsia et al. indicated that for
trauma centers, academic hospitals, and for-profit hospitals, higher ED patients to bed ratio, and
higher rates of patient admissions were associated with higher LWBS and ambulance diversion
rates (Hsia et al., 2011, 2012). Handel et al. also identified that higher-volume hospitals and notfor-profit hospitals are associated with higher left without been treated (LWBT) rates, while higher
inpatient bed occupancy and a higher percentage of admitted patients were associated with longer
LOS only (Handel et al., 2014). Hutten-Czapski showed that rural EDs had the shortest wait times
for both low- and high-acuity patients (Hutten-Czapski, 2010). Welch indicated the impact of ED
volume on performance metrics (Welch, 2012). Based on the study, the lower volume EDs
operationally performed better on door to physician time and LOS for both discharged and admitted
patients. In summary, exogenous factors that have a significant impact on ED key metrics include
hospital location, teaching status, hospital ownership, trauma status, ED volume, ED patients to
bed ratio, and the percentage of patients admitted. Since these studies used a large set of cohort or
national data and the overall conclusions among these studies were consistent, the results may be
relevant for other hospitals. EDs having the factors shown in Table 2-1 tended to underperform in
terms of corresponding performance measures.
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Table 2-1. Exogenous factors associated with lower ED performance

Factor

Location

Teaching status

Level

Performance measures

Urban



Longer LOS

(metropolitan)



Longer waiting times

area



Higher LWBS



Longer overall LOS



Longer waiting times



Higher LWBS



Higher LWBS



Lower LWBT



Higher ambulance diversion rates



Higher LWBS



Longer overall LOS



Longer waiting times



Longer door to doctor

Academic

Ownership status

For-profit

Trauma status

Trauma center

ED volume

Higher

ED patients to bed ratio

Higher



Higher ambulance diversion rates

Percentage of patients admitted

Higher



Higher ambulance diversion rates

2.3. Patient-centered Medical Home (PCMH)
A PCMH model was suggested by primary care professional organizations with a goal of obtaining
maximized health outcomes (Grumbach & Grundy, 2010; Reid et al., 2009). A PCMH model also
aims to enhance the role of primary care to serve the population with chronic conditions. The
AHRQ defines the five key attributes that PCMH embraces as comprehensive, patient-centered,
coordinated, accessible, and committed to quality and safe care (Agency for Healthcare Research
and Quality, 2011). Appropriate compensation and robust information technology are also essential
to accomplish the goals of PCMH (Berenson et al., 2008). Figure 2-1 represents the overall
characteristics that PCMH seeks (Dorrance, 2009).
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Figure 2-1. Representation of PCMH features
(Adapted from the National Naval Medical Center (NNMC) Medical Home (Dorrance, 2009))

Since the Joint Principles of the Patient-Centered Medical Home were released in 2007, the PCMH
model has increasingly gained more followers. Now it has the endorsement of 17 specialty societies,
nearly all the Fortune 500 companies, and all major national health plans (Crabtree et al., 2011).
This section briefly explains six key attributes of the PCMH, and summarizes initiatives and
corresponding outcomes newly reported to the PCPCC (Nielsen et al., 2012).

2.3.1.

Comprehensive care

A PCMH model highlights a team-based care delivery that meets the majority of each patient’s
health care needs from prevention to chronic care. This team includes physicians, nurses,
pharmacists, care coordinators, and other associated health professionals who can meet patient’s
specific needs. Patients and their family should be also included in the team. The statewide program
in Vermont and citywide program in Camden have provided patients advanced primary care and a
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variety of social services with a community health team including nurse coordinators, behavioral
health providers, social workers, and community health workers (Department of Vermont Health
Access, 2012; Unützer et al., 2012). A program for seniors has supported the elderly who are
qualified for both Medicare and Medicaid through care coordination and social support with nurse
practitioners and geriatric social workers (Agency for Healthcare Research and Quality, 2012). One
of the largest studies on depression in the U.S. has used a depression care manager in a primary
care practice to help patients with depression (Unützer et al., 2012). The transition from health
services in silos to a team-based care delivery have resulted in lower inpatient hospitalization rates,
lower ED utilization, better care for patients with chronic disease, and improved preventive care.

2.3.2.

Patient-centered care

As its name implies, PCMH aims to provide whole person oriented care where patients and their
families are fully involved as core members of the care team and decision makers. Harman et al.
recommended strategies to promote a better engagement of patients, their families, and care
practices for a patient-centered care (Harman et al., 2010). Various organizations have developed
initiatives to understand the needs of patients and their families and to improve a relationship
between care providers and patients through active communication. The Minnesota Department of
Health (MDH) has implemented PCMH to support care coordination for children with special needs.
The study showed the effectiveness of developing care plans on the communication with families
and other providers (Allen et al., 2008). On the other hand, the U.S. Department of Health and
Human Services pointed out the low health literacy rate in the U.S. and its significant impact on
health outcomes (U.S. Department of Health and Human Services: Office of Disease Prevention
and Health Promotion, 2008). To avoid negative results stemming from the health literacy, studies
suggested providing simplified hospital discharge instructions and utilizing non-print broadcast
media.

2.3.3.

Coordinated care

One of the important roles of PCMH is to navigate patients across components of a healthcare
system and to offer organized services for patients with complex needs. In particular, care
coordination is critical for patients with a chronic illness because they frequently require health
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care resources due to the complexity of care. A medical group in California has focused on
coordinating care for patients over 65 years old through teams led by nurse practitioners. The team
has supported transitions of care from hospital to outpatient treatment, transportation, and other
community-based services (Main & Slywotzky, 2011). A large network of health professionals in
Bronx includes about 100 primary and specialty care locations. The care practices in the network
have managed necessary services for patients using centrally managed clinical information
(Montefiore Medical Center, 2011). Many other programs also have implemented care coordination
focusing on specific chronic conditions and related risk factors.

2.3.4.

Accessible services

PCMH should deliver accessible services through an increased time window for care and providing
alternative communication channels such as email and web portal. Several studies reported that
easier access to their primary physician during after-hours contributed to fewer emergency
department visits, lower unmet medical needs, significant financial savings, and increased patient
satisfaction (Margolius & Bodenheimer, 2011; O’Malley, 2013). Pandhi et al. found that patients
in primary care practices providing first-contact accesses were more likely to receive recommended
preventive services (Pandhi et al., 2012).
Using telehealth can also improve the access to care. It helps provide care services to patients in
rural and remote areas. According to a survey study by Grubaugh et al., both urban and rural
patients with posttraumatic stress disorder (PTSD) are favorable to receive a needed care through
telehealth (Grubaugh, Cain, Elhai, Patrick, & Frueh, 2008). Through a system-dynamics model, a
study predicted that consultations between primary care and specialty cares would help patients
receive timely care and reduce long waiting times, transportation costs, and ED visits (Jean,
Cardinal, Jankovic, Bocquet, & Espinoza, 2012).

2.3.5.

Committed to quality and safe care

PCMH pursues a commitment to high-quality and safe care through evidence-based practice using
clinical decision-making tools. PCMH also encourages health professionals to share quality and
safety data publicly and to measure patient satisfaction. Geisinger Health System has used real-
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time feedback data from its EMR and insurance claims to measure best-practice metrics and
preventive services for patients with chronic disease (Steele, 2009). HealthPartners Medical Group
has also utilized the EMR to keep track of patient satisfaction and quality measurement (Fontaine,
Flottemesch, Solberg, & Asche, 2011). The Group Health Cooperative have measured the impact
of PCMH on patient, clinicians, and cost using the Healthcare Effectiveness Data and Information
Set tools (Reid et al., 2009). These studies have resulted in reduced admission to ED and hospital,
cost savings, and improved patient satisfaction.

2.4. Discrete-event simulation (DES)

2.4.1.

Discrete Event Simulation (DES) application in healthcare

A growing number of studies use computer simulation techniques to address various problems in
healthcare. Several literature review papers identified the studies and classified them by application
areas and simulation technologies. Mielczarek et al. conducted in-depth surveys on studies that
addressed four major healthcare topics using one of the three simulation technologies – DES, SD,
and MCS (Mielczarek & Uzialko-Mydlikowska, 2010). The topics included epidemiology, health
and care systems operation, health and care system design, and medical decision making. Fone et
al. focused on the applications of simulation modeling in population health and healthcare delivery,
such as hospital scheduling and organization, infection and communicable disease, costs of illness
and economic evaluation, and screening (Fone et al., 2003). The authors developed criteria for
evaluating the quality of studies and applied the criteria to the reviewed studies. Mustafee et al.
classified papers by the different simulation techniques (MC, DES, SD, and ABS) and identified
major healthcare problems for each of the techniques (Mustafee, Katsaliaki, & Taylor, 2010). On
the other hand, there are survey studies that focused on more specific sectors of healthcare or
technologies. For example, Jun et al. targeted DES applications in clinics ranging from small
pharmacies to large hospitals (Jun, Jacobson, & Swisher, 1999). Common topics of the reviewed
studies includes patient scheduling admission, patient routing, and the scheduling of resources on
patient flow. Paul et al. particularly focused on the ED. The authors identified studies that
investigated ED overcrowding using simulation techniques and organized the studies by motivation
and goals, modeling techniques, data sources and collection methods, and study findings (Paul,
Reddy, & DeFlitch, 2010).
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2.4.2.

DES application in ED problems

DES is well suited to diagnose the efficiency of existing healthcare delivery systems, to assess
alternatives to improve system performance, and to design new systems (Mustafee et al., 2010).
This is because DES allows users to model various flows of individual entities and their interactions
with other resources in a dynamic system that changes by stochastic variables (Banks, Carson,
Nelson, Nicol, & Shahabudeen, 2010). Among various DES applications in healthcare, the most
popular area has been the ED (Paul et al., 2010). As ED overcrowding has become a serious issue
nationwide, a large number of studies has applied the DES approach to find the causes of long
waiting times and to evaluate potential solutions to improve patient flow.
Several studies considered how to alter patient flow by acuity levels or patient types. Connelly et
al. compared patient flow models between a fast track and an alternative acuity ratio triage (ART)
(Connelly & Bair, 2004). While a fast track is a separate space for low acuity-level patients, the
ART approach assigns patients to care providers by their acuity level. Physicians and nurses have
a set ratio of high-acuity to low-acuity patients, and therefore they work with a nearly constant
patient acuity ratio. In both cases, the simulation model included the preemptive nature of ED staff
activity, whereby the treatment priority for high-acuity patients is higher than for low-acuity
patients. The study demonstrated that the ART reduced queues for imaging and service times for
high-acuity patients, but led to an increase in treatment times for low-acuity patients. Ruohonen et
al. examined the impact of introducing a doctor at the triage level on key performance metrics
(Ruohonen, Neittaanmaki, & Teittinen, 2006). The new triage-team method improved the overall
operational efficiency due to more accurate medical diagnosis, earlier lab orders, and better priority
assignments. Takakuwa et al. developed a unique simulation model in that they classified nine
patient categories by acuity levels and arrival types and modeled 70 patient flow patterns based on
required resources and procedures (Takakuwa & Shiozaki, 2004). By using the model, the study
tested several changes in a patient volume and the number of beds, rooms, and staff. However, they
did not provide detailed results except to note that more resources reduced waiting times.
The other popular approach to ED overcrowding is to manage ED resources, including physicians,
nurses, and beds. Many hospitals assumed that a lack of resources led to long waiting times, so they
assessed the effects of increasing capacity using simulation models before implementing the
changes. Komashie et al. showed that adding staff in the area for low acuity patients can reduce the
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overall time patients spend in the ED (Komashie & Mousavi, 2005). A simulation study of Duguay
et al. demonstrated that an additional room without an increase in staff does not reduce patient
waiting times (Duguay & Chetouane, 2007). In a study carried by Samaha et al. opening a fast track
area led to an improvement in process efficiency, but additional beds and bedside registration
turned out to not be cost-effective (Samaha, Armel, & Starks, 2003). Blasak et al. expanded the
scope of the study by including the medical telemetry unit that admits patients from the ED the
most (Blake & Carter, 1996). Among various scenarios the study assessed, adding telemetry beds
or decreasing the number of admitted patients showed improvements in the overall process flow.
On the other hand, some studies attempted to alter staff scheduling to more efficiently utilize
existing resources. Coats el al. (Coats & Michalis, 2001) and Draeger (Draeger, 1992) demonstrated
that alternative nursing scheduling matching arrival patterns and patient volume can reduce patient
waiting times, maintain proper utilization, and predict workload. Kumar et al. adopted a simulation
model to explore required nursing tasks for different patient acuity levels and to determine the
amount of direct nursing care (Kumar & Kapur, 1989). However, the study did not provide any
quantitative outputs. Blake et al. investigated the impact of physician availability and queue
discipline on patient waiting times (Blake & Carter, 1996). A design of experiment was used to
develop eight scenarios, and the simulation results indicated that the availability of casualty officers
(attending physicians) has the greatest impact on patient flow.

2.4.3.

Input data for simulation study

In a simulation study, collecting and using accurate input data plays a significant role in producing
reliable results that can support decision making. Since a patient flow includes diverse resources
and many activities, capturing correct data in the ED is difficult but still important. In the past,
studies tended to collect a majority of input data through time study and used limited data from
their information system, such as registration times, acuity levels, and discharge times (Blake &
Carter, 1996; Draeger, 1992; Komashie & Mousavi, 2005). However, as more hospitals have
adopted an advanced information system and replaced paper charts for documentation, many
simulation studies have used more detailed patient flow data from the database (Coats & Michalis,
2001; Connelly & Bair, 2004; Ruohonen et al., 2006). In particular, Connelly and Bair performed
an intensive data collection through various sources, such as a health information system, billing
records, and charts, in order to develop a more sophisticated simulation model that reflects realistic
patient path steps (Connelly & Bair, 2004).
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In sum, a DES approach has been widely adopted as a tool to improve ED overcrowding problems.
Simulation models helped many hospitals understand operational flow processes, identify
significant bottlenecks, and assess the impact of potential alternatives. Despite the wide adoption
of this approach and the insights the simulation results provide, only a few hospitals have
implemented the changes in practice and reported actual improvements.

2.5. Data envelopment analysis (DEA)

2.5.1.

DEA applications in healthcare

Data envelopment analysis (DEA) can be a useful tool for overcoming the limitations of using a
single outcome measure to evaluate ED performance among a set of peer groups. DEA that
incorporates multiple inputs and outputs derives the relative efficiency levels of decision making
units (DMUs). The DEA approach has been widely used to measure the production efficiency of
organizations in nonprofit, for-profit, public, and private sectors.
Since the first application of DEA in healthcare by Nunamaker (Nunamaker, 1983), DEA has
increasingly been applied in the healthcare field to identify the most efficient units among DMUs
and to measure the divergence of the less efficient units from the frontiers (Cooper, Seiford, & Zhu,
2004). Many studies have focused on evaluating the efficiency and productivity of hospitals using
DEA. (Hollingsworth, Dawson, & Maniadakis, 1999; Hollingsworth, 2003). Dittman et al.
evaluated the technical efficiency for medical-surgical nursing units in 105 hospitals using the
American Hospital Association data and demonstrated how DEA can provide managerial
perspectives to hospital administrators (Dittman, Capettini, & Morey, 1991). Hao et al. evaluated
efficiency of 93 Veterans Affairs medical centers using DEA and analyzed the efficiency
performance for teaching and non-teaching hospitals, respectively (Hao & Pegels, 1994). The result
identified that overall more than 50% of hospitals were inefficient where the proportion of
inefficient hospitals was higher for teaching hospitals. O’Neill proposed a multifactor efficiency
DEA model and applied the model to assess the efficiency of 27 large, urban hospitals including
both teaching and non-teaching (O’Neill, 1998). Nayar and Oscan investigated the performance of
53 acute care hospitals from both technical efficiency and quality perspectives using DEA (Nayar
& Ozcan, 2008). The model that incorporated quality measures as outputs indicated that hospitals
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can improve technical efficiency without compromising quality. Valdmanis used DEA to
investigate difference in technical efficiencies between public and non-for-profit hospitals. Using
a Mann-Whitney test, the study showed that the relative technical efficiency of public hospitals was
significantly higher than the efficiency of non-for-profit hospitals (Valdmanis, 1992). Sahin and
Ozcan examined efficiency of 80 public sector hospitals in Turkey and identify causes of
inefficiencies as the excess number of beds, specialists and other health labor (Sahin & Ozcan,
2000). Kirigia et al. measured technical efficiency of public hospitals in Kenya and concluded that
26% of those hospitals were inefficient (Kirigia, Emrouznejad, & Sambo, 2002).
More recently, DEA applications in assessing the practice efficiency of individual physicians have
increased. Andes et al. used DEA to determine the most efficient physician practice groups and
identified that the number of physicians practicing does not impact efficiency (Andes, Metzger,
Kralewski, & Gans, 2002). Wagner et al. evaluated the practice of primary care physicians in a
hospital using DEA and showed the advantage of measures obtained from DEA over ratio-based
measures (Wagner, Shimshak, & Novak, 2003). Chilingerian evaluated the scale and technical
efficiency of internists and surgeons in a hospital and presented the impact of the affiliation with a
health maintenance organization (HMO) on each efficiency measure (Chilingerian, 1995). Ozcan
evaluated variations in resource utilization by physicians and identified the best set of practice
patterns using DEA (Ozcan, 1998). Ozcan et al. compared the efficiency of resource consumption
between generalists and specialists and concluded that no significant difference existed between
the two groups for achieving the best performance in resource use (Ozcan, Jiang, & Pai, 2000).
DEA has been also employed in skilled nursing facilities. The analyses of nursing homes were
highly focused on comparing the level of efficiency by ownership (non-profit vs. for-profit)
(Chattopadhyay & Ray, 1996; Ozcan, Wogen, & Mau, 1998; Rosko, Chilingerian, Zinn, &
Aaronson, 1995). Ozcan et al. also investigated the difference in efficiency of nursing homes by
facility size (Ozcan et al., 1998). In addition to ownership and size, Rosko et al. identified other
managerial and environmental characteristics affecting technical efficiency such as occupancy rate,
payment source, wage rate, and per capita income. Chattopadhyay and Ray measured technical,
scale, and size efficiency in nursing homes (Chattopadhyay & Ray, 1996). Lenard and Shimshak
performed a state-level comparison of efficiency, incorporating operating and quality performance
in nursing homes (Lenard & Shimshak, 2009).
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2.5.2.

Two-stage DEA approach

Many DEA studies addressing healthcare-related issues conducted a two-stage analysis that uses
efficiency scores as a response variable to identify various factors affecting efficiency. Multivariate
regression is one of the most commonly used methods in two-stage analysis (Hollingsworth, 2003).
However, the suitability of different regression models for two-stage DEA analysis has been
controversial. Tobit regression has been widely used to address the bounded characteristic of DEA
efficiency scores as a response variable. Kerr et al. performed a tobit regression analysis to
investigate the factors contributing to higher technical efficiency in hospitals. The significant
factors they found included
higher bed occupancy, a lower average length of inpatient stay, and a larger hospital size within a
limited range (Kerr, Glass, Gillian, & McKillop, 1999). Chen et al. used tobit regression to identify
how managerial and other control variables, such as organization structure, management,
demographics, and market competitions, influence hospital’s overall inefficiency and individual
input inefficiency (Chen, Hwang, & Shao, 2005). McDonald indicated limitations with tobit
regression and showed the appropriateness of ordinary least squares (OLS) regression for a twostage analysis (McDonald, 2009). Some studies have used OLS regression, while few of them used
transformed efficiency scores in OLS (Burgess & Wilson, 1998). Simar et al. argued that using
tobit and OLS in a two-stage analysis leads to statistically inconsistent inference and suggested a
method including truncated regression to correct biases (Simar & Wilson, 2007). On the other hand,
Banker et al. showed that OLS and tobit regressions result in consistent estimations and provided
unbiased results (Banker & Natarajan, 2008).
Other studies performed logistic regression to address a skewed distribution of DEA scores. Ozcan
et al. used logistic regression to explore the impact of occupancy, regional characteristics,
percentage of medical patients and Medicaid patients on efficiency scores (Ozcan et al., 1998).
Using logistic regression, Kazley and Ozcan demonstrated that the use of EMR generally did not
increase efficiency for medium and large hospitals, although it may be beneficial to small hospitals
(Kazley & Ozcan, 2009). Also, the longitudinal study results revealed that hospitals implementing
an EMR did not experience a significant improvement in efficiency associated with the
documentation over time, compared to the efficiency of hospitals without the system.
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2.5.3.

DEA sensitivity analysis

In order to make appropriate decision-making based on a DEA study, it is critical to ensure that a
DEA model is robust enough for small changes and that these changes do not alter fundamental
conclusions. Substantial research has concentrated on developing and evaluating sensitivity
analysis methods for DEA.
A number of studies have tested the sensitivity of DEA results for the variable and model selection.
Dittman et al. showed how the selection of the inputs and outputs can affect the performance
measure by developing three DEA models, including different combinations of inputs and outs
(Dittman et al., 1991). Ozcan investigated the impact of different inputs and outputs on DEA results
by analyzing previous studies (Ozcan, 1992). Valdmanis (Valdmanis, 1992) and Smith (Smith,
1997) examined whether different specifications of the variables can modify the DEA results.
Wagner et al. showed the sensitivity of a DEA model by gradually adding inputs and outputs and
measuring the changes in efficiency scores (Wagner et al., 2003). Using this approach, the authors
were able to explain variables’ different contributions to increases in efficiency measures.
Erroneous or misleading data used in DEA can lead to questionable inferences about efficiency and
inaccurate conclusions. In particular, small data changes in efficient frontiers can have a substantial
influence on the efficiency levels of inefficient DMUs (Cooper et al., 2004). To address this issue,
significant research effort has gone into developing and applying various methods of evaluating
the robustness of DEA results to data variations and noise. Among the body of research, many
studies have utilized a “super-efficiency” DEA for sensitivity analysis.
In the super-efficiency method, a DMU under evaluation is excluded from a reference group
(Andersen & Petersen, 1993). DMUs can obtain an efficiency score greater than 1, which indicates
a maximum possible increase in inputs, maintaining efficiency (input-oriented case). While
traditional DEA ranks inefficient frontiers as compared to efficient frontiers, a super-efficiency
DEA approach supports the ranking efficient frontiers.
Studies have driven sufficient conditions for maintaining the status of efficient frontiers under a
super-efficiency DEA sensitivity models. The models and conditions vary, depending on the type
of data perturbations. Some studies focused on models where changes in inputs and outputs are
made only to the DMUs being evaluated. The models developed by Rousseau and Semple
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(Rousseau & Semple, 1995) and Charnes et al. (Charnes, Rousseau, & Semple, 1996) assumed
that proportional changes are simultaneously applied to all inputs and outputs. On the other hand,
the models developed by Zhu (Zhu, 1996) and Seiford and Zhu (Seiford & Zhu, 1998b) assumed
that the proportional changes can be made to individual inputs and outputs differently. These
models were extended to incorporate data perturbation not only to the DMU being tested but also
to the other remaining DMUs. Seiford and Zhu proposed a model where the same proportional
changes are simultaneously made to all inputs and outputs for both the DMU under evaluation and
the remaining DMU groups, but the direction of changes is the opposite (Seiford & Zhu, 1998a).
Later, Zhu addressed a more generalized case where the proportional changes are applied
individually to the inputs and outputs of all DMUs (Zhu, 2001).
Numerous studies of efficiency measurements in healthcare used a super-efficiency DEA for
sensitivity analysis. Dexter et al. showed the application of a super-efficiency DEA in operating
room management and examined the sensitivity of the model results to the formation of reference
groups (Dexter, O’Neill, Xin, & Ledolter, 2008). Using numerical experiments, the study
investigated statistical properties of the sensitivity analysis and presented a statistical rationale for
excluding one DMU at a time when performing sensitivity analysis for a baseline DEA result. Prior
and Surroca used a super-efficiency DEA to identify influential DMUs and to assess the impacts
of removing the observations in DEA analysis. Based on this method, the study showed how public
hospitals in Spain can establish a reasonable efficient frontier, and as a result, set an achievable
targets for improvement (Prior & Surroca, 2010). Wagner et al. investigated sources of inefficiency
in physician practices by using a stepwise DEA approach, where an increasing number of inputs
and outputs was added to a model and changes of efficiencies were observed (Wagner et al., 2003).
Then, the sensitivity of the models was examined through a super-efficiency DEA approach. The
results indicated that super-efficient DMUs had varied impacts on inefficient DMUs by the types
of models, including different combinations of inputs and outputs.
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2.6. System dynamics

2.6.1.

System dynamics on healthcare modeling

Like other complex systems, a healthcare delivery system is created by the interaction of a large
number of components. System dynamics (SD) is a computer-aided approach to help understand
the structure of a complex system and the dynamic behaviors that arise from its structure (Sterman,
2000). Since the initial development of SD by the work of Jay W. Forrester in the 1960s, the
approach has been widely applied in many areas in healthcare systems to support decision-making.
The application areas range from modeling patient paths to modeling public health related issues.
SD modeling has been widely employed to evaluate strategies for improving patient flow at various
levels of a healthcare system. For example, Behr and Diaz (Behr & Diaz, 2010) used SD modeling
and simulation to evaluate how the interventions that divert non-emergent patients to more
appropriate care impact ED congestion and profitability. Lane et al. (Lane, Monefeldt, &
Rosenhead, 2000), Lattimer et al. (Lattimer et al., 2004), and Brailsford et al. (Brailsford et al.,
2004) developed a SD model to investigate how growth in demand for emergency care and policies
on capacity management affect patient flows in Accident and Emergency (A&E) units and other
units in a hospital. Lane et al. (Lane et al., 2000) emphasized the importance of systematic resource
management by showing that changes in key resources can lead to adverse consequences for
patients. Lattimer et al. [4] and Brailsford et al. (Brailsford et al., 2004) assessed various
interventions and found that redirecting non-urgent patients and reducing avoidable emergency
admissions have significant impacts on bed occupance rates. Several studies employed SD
modeling to investigate patient flow across healthcare organizations in a system (Lane &
Husemann, 2007; Royston, Dost, Townshend, & Turner, 1999; Wolstenholme, 1999).
Wolstenholme (Wolstenholme, 1999) investigated the impact of implementing intermediate care
on total patient flow through the U.K. National Health Services, and provided implications for
health policy guidelines. Similarly, Lane and Husemann (Lane & Husemann, 2007) mapped acute
patient flows to improve patient experience, and Royston et al. (Royston et al., 1999) analyzed
patient flows between the ED and social care.
SD also has been used to assess various policies related to public health. Royston et al. (Royston et
al., 1999) predicted how screening cervical cancer and chlamydia would affect the incidences and
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progression of the diseases. Homer and Clair (Homer & Clair, 1991) modeled how needle sharing
among intravenous drug users may influence HIV infections and HIV-related death, and
Dangerfield et al. (Dangerfield, Fang, & Roberts, 2001) explored the potential effectiveness of
treatments for HIV and AIDS. Atun et al. (Atun, Lebcir, Drobniewski, & Coker, 2005) investigated
the long-term effects of a multidrug-resistant tuberculosis control program with several scenarios.
Ritchie-Dunham and Méndez Galván (Ritchie-Dunham & Méndez Galván, 1999) evaluated how
the control policies for dengue affect the epidemiology and which policies are financially feasible.
Several organizations have applied SD to prevent and improve chronic diseases. The Centers for
Disease Control and Prevention (CDC) conducted a project that aimed to prevent and manage risk
factors for cardiovascular health (Homer et al., 2008). The study established a set of interventions
based on a policy framework for cardiovascular risk, and used SD modeling to predict its potential
effects on risk reduction. Whatcom County in Washington launched a program to improve the care
of chronic illness and adopted SD modeling to support their plan to address diabetes and heart
failure (Homer, Hirsch, Minniti, & Pierson, 2004). The models provided insight into the overall
impact of interventions on the disease progressions and each of stakeholders in the system,
information that is helpful for resource planning and incentive designs. The study included the
potential impacts of drug affordability and insufficient clinical care specialists on care management.
The CDC also carried out projects using SD to determine the dynamics of diabetes, as well as to
plan and to evaluate policies intended to prevent diabetes incidence and complications (Homer,
Jones, et al., 2004; Jones et al., 2006). Other studies focused on exploring impacts of preventive
care for high risk populations and disease management for those already afflicted. However, the
two studies extended the scope of prevention further up the chain of care. That is, strategies that
protect people from obesity in the first place were included and tested with other strategies to reduce
the incidence and complications of diabetes. Additionally, Homer et al. emphasized the role of
public work by advocacy and citizen groups in the upstream of the care chain and the role of
clinicians and disease experts in the downstream (Homer, Jones, et al., 2004). Addressing the
conflicting goals of several interventions, Jones et al. emphasized that a satisfactory strategy should
embrace all components of a system instead of focusing on one component exclusively (Jones et
al., 2006).
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2.6.2.

System dynamics with optimization

Some studies have highlighted the application of optimization methods to SD models to improve
policy design and analysis. Keloharju and Wolstenholme (Keloharju & Wolstenholme, 1989),
Wolstenholme and Al-Alusi (Wolstenholme & Al-Alusi, 1987), Coyle (Coyle, 1985) explained
how optimization methods can be adopted to derive optimal policies through case studies.
Keloharju and Wolstenholme (Keloharju & Wolstenholme, 1989) showed how optimization
contributed to improving performance measures of a project model by finding optimal model
parameters and table functions. Wolstenholme and Al-Alusi explained the benefits of using an
optimization approach for identifying new interactions between variables and policies that produce
better performance in a defense model (Wolstenholme & Al-Alusi, 1987). Coyle indicated that
optimization can help efficient and effective policy design and analysis by comparing performance
indices computed from optimized and non-optimized models of inventory management (Coyle,
1985). Kleijnen used statistical design of experiments to create combinations of inputs that accounts
for interactions between variables (Kleijnen, 1995). Then, the author proposed a heuristic algorithm
driven from a response surface method to compute optimal inputs that optimized the SD model.
Graham and Ariza derived optimal budget allocations for different scenarios using simulated
annealing (Graham & Ariza, 2003). The use of optimization revealed the magnitude of required
adjustments on key parameters to increase performance measures.
These studies sought to optimize SD models by identifying the best policies through optimization
methods. Since policies within the studies tended to be strongly affected by a set of parameters, the
optimization approaches were used to determine the optimal parameter values that achieve defined
the goals. On the other hand, this research developed an optimization model satisfying objectives,
which are not defined in the SD model. Using some of the SD model results as inputs, the multicriteria optimization model aimed to help make a subsequent managerial decision instead of
refining policies (i.e., interventions). Also, the studies above tended to use textbook cases to
demonstrate the utilization of optimization methods in the SD model. This research showed the
potential power of a SD model with optimization as a decision supporting tool through a complex,
large-scale problem.
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Patient Flow in the Emergency Department: A Classification
and Analysis of Admission Process Policies

3.1. Introduction
Emergency department (ED) crowding has been recognized as a serious concern in U.S. hospitals
(American Hospital Association, 2012; Hing & Bhuiya, 2012). Many studies have investigated the
causes of ED crowding; they can be classified into input, throughput, and output factors in the ED
process (Asplin et al., 2003). The common input factors are increased ED visits including
unnecessary visits and high patient acuity. Inadequate staffing is one of the significant throughput
factors. Hospital bed shortage and inpatient boarding are frequent output factors and they are not
normally controlled by the ED (Derlet, Richards, & Kravitz, 2001; Hoot & Aronsky, 2008; Niska,
Bhuiya, & Xu, 2010) . Consultation delay also increases ED crowding, but it can be a throughput
or output factor in that the delay is associated with staffing and admissions (IOM, 2006).
Many studies have addressed potential solutions that modify arrivals, processes, and resources in
the ED for mitigating these problems (Hoot & Aronsky, 2008). Improved access to primary care
and referrals can help non-urgent patients avoid ED visits (Billings et al., 2000; Grumbach et al.,
1993; Michelen et al., 2006). Separate care for minor injuries has contributed to reducing waiting
times in the ED (Cooke et al., 2002; Fernandes et al., 1996), while better staff scheduling and
additional resources can also help increase throughput (Centeno et al., 2003; Rossetti et al., 1999;
Shaw & Lavelle, 1998). More recently, studies have highlighted contributors to ED crowding that
are typically viewed as being outside of ED’s the direct control such as hospital bed shortages and
boarding patients (Derlet et al., 2001; Derlet & Richards, 2000; Hoot & Aronsky, 2008; Niska et
al., 2010). Many hospitals have been making efforts to control hospital bed access and to change
discharge policies of inpatient units to address high bed occupancy (Levin, Dittus, et al., 2008;
Powell et al., 2012; Yancer et al., 2006).
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An admission process involves both the ED and admitting services to begin the transition of a
patient. A fragmented and inefficient admission process may cause delays in the transition and
affect patient flows of not only admitted patients but also other ED patients. The American
Academy of Emergency Medicine (AAEM) encourages hospitals to develop policies that reduce
the time interval for completion of inpatient admission orders (American Academy of Emergency
Medicine, 2001). However, a review of existing literature indicates that rigorous investigation of
the process of admitting patients in the ED and its impact on patient flow has been largely
overlooked. We found only two relevant reports (Howell, Bessman, & Rubin, 2004; Quick, 1999),
but neither provided real insight into why the interventions were chosen. Several studies (Calder et
al., 2012; Hack, O’Brien, & Benson, 2005; Wiswell, Tsao, Bellolio, Hess, & Cabrera, 2013)
explored factors and processes associated with disposition decisions that ED physicians made for
ED patients. Although these decisions are related to admission processes with respect to the time
and rate of admission order, the studies did not show how the decisions would impact patient flow
in the ED. This research overcomes these limitations by extending the knowledge base about
various admission processes.

3.2. Research objective

An admission process involves both the ED and admitting services to begin the transition of a
patient. An inefficient admission process may cause delays in the transition and affect patient flows
of not only admitted patients but also other ED patients.
The objective of this research is to investigate various admission processes and their impacts on
patient flow in the ED. The goal is not to determine the most effective admission process for one
hospital, but rather to provide a framework as a precursor to actual changes in policy. Throughout
this research, the term admission process policy (APP) is used to indicate a certain hospital protocol
that determines admission processes for patients.
Using an advisory panel survey, this research classified the admission process policies as a set of
options and evaluated their potential impact using computer simulation modeling. Simulation can
provide decision support for operational and strategic planning to develop inpatient admission
policies.
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The remainder of this chapter is organized as follows. Two main methods are briefly explained in
Section 3.3. It is followed modeling procedures and results in Section 3.4. Limitations of this
research are summarized in Section 3.5. Finally, discussions and conclusions are presented in
Section 3.6.

3.3. Methods

3.3.1.

Advisory panel survey

As mentioned above, the literature on admission processes is limited. To better comprehend APPs,
we surveyed an advisory panel group that consisted of eight physicians in the ED and internal
medicine (IM) at Penn State Hershey Medical Center (PSHMC). They each described the
admission process of a hospital in which they had previously worked and assessed critical to quality
factors for the process. We garnered eight different APPs from the survey. Appendix A shows the
survey form. All of the hospitals described are large teaching hospitals wherein the number of ED
beds ranges from 20 to over 100 with high patient volumes ranging from 40,000 to 100,000 annual
ED visits.

3.3.2.

Discrete event simulation

This study aimed to explore how ED patient flow is affected by APPs. To do so, we could
implement a new policy and compare the outcomes before and after the change. However, the
demands of actually building the design and testing it are too high in terms of money, time, and
risk. In particular, experimental risks are greater in hospital systems than other systems because
unexpected results can affect the patients’ safety. A computer simulation allows us to safely assess
the issues that can be caused by the experimentation. The simulation approach provides other
advantages too: it can represent a complex system, evaluate many scenarios, and predict results of
alternative systems cheaper and quicker (Banks et al., 2010).
We used discrete-event simulation (DES), which has been widely employed as a modeling and
decision support tool in many healthcare areas (Mielczarek & Uzialko-Mydlikowska, 2010). DES
is a particularly effective approach for investigating patient flow because it allows users to model
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various flows of individual entities and their interactions. In this study, individual patients, ED
physicians, ED nurses, and IM physicians were modeled as entities or resources. Of the many DES
simulation software packages, we used Simio because it provides object-oriented design.

3.4. Classification of admission process policies
Until now, many healthcare providers have designated two models for admission processes based
on the department that makes a final decision: a consultation model and an emergency medicine
(EM) decision model. However, the medical experience of the decision makers can also affect the
efficiency of an admission process. Both the advisory group and a previous study (DeBehnke,
O’Brien, & Leschke, 2000) indicated that an admission decision may be made more quickly and
accurately when only attending physicians take responsibility for admitting patients than when
residents and/or physician extenders are also involved in the process. Although attending
physicians would make quicker decisions, they number fewer than residents/physician extenders.
The effect of switching from a resident to an attending policy then becomes difficult to predict.
Accordingly, this study classified APPs into four types as shown in Table 3-1.
Table 3-1. Classification of admission process policies (APPs)

Provider making admission decisions
Admitting service
Physician Group
Decision Making
(Attending, resident,
intern and/or physician
Admission

extender)

Emergency Medicine

Type 1:

Type 3:

Decision by group of

Decision by group of

physicians on the

physicians in the ED

admitting service

decision
Type 2:

Type 4:

Attending physicians

Decision by attending

Decision by attending

Exclusively

physicians on the

physicians in the ED

maker

admitting service
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Types 1 and 2 are consultation models in which ED physicians request consults for potential
admitting services and hand over admission decisions to the physicians on the admitting service.
The final admission decision takes place when an admitting physician or physician group actually
comes and examines a patient in the ED. This examination takes time; however, these types prevent
patients from being transported to other units after they are admitted because the admission is
determined by the admitting service physician. Types 1 and 2 also reduce the burdens of admission
decision and procedures on ED physicians so that they can attend to other ED patients. The
difference between Types 1 and 2 depends on how involved interns or residents or are in the
admission decision. In Type 2, only attending physicians take responsibility for admitting patients
(DeBehnke et al., 2000), and are therefore more efficient and accurate. However, this policy may
deprive physician trainees of the opportunity to learn appropriate decision-making for patients who
need to be admitted to one of the inpatient wards.
On the other hand, Types 3 and 4 are EM decision models that empower ED physicians to determine
admissions. The admission processes may be expedited because these types do not require waiting
for consulting or an admission decision from an admitting service. However, these types can cause
disagreement on the admission decision when a patient is admitted to an inpatient ward whose
physicians think the patient belonged elsewhere. Similar to the difference between Types 1 and 2,
Type 3 puts more emphasis on an educational value than Type 4. Type 3 allows physician trainees
to be the first to assess patients, which can increase their involvement in the decision to admit.

3.5. Simulation – case study

3.5.1.

Patient flow and admission process in the study hospital

A case study was conducted in a tertiary care, suburban academic medical center in Pennsylvania
with level 1 trauma designation. The ED has 47 beds and an annual census of 64,363. To understand
the current admission system of the hospital, I conducted a time-motion study and interviews with
physicians, nurses, and a bed management manager. Figure 3-1 shows patient flow from the ED to
an inpatient unit in the study hospital. This IRB-approved study used one year of data for 2012
from the hospital’s electronic medical record (EMR) (Cerner, FirstNet). The data includes the time
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stamps of every patient who visited in the ED, bed management data for inpatients, and staffing
levels.

Figure 3-1. A process map of patient flow from the ED to inpatient ward

During 2012, 180 patients on average per day and 65,899 patients total visited the ED. Among the
patients, this study focused on 52,428 adult patients. Figure 3-2 shows the distribution of patient
arrivals where the range of each hourly arrival rate was calculated over the course of the year. The
ED arrival rates increased after 9 AM, peaked around 1 PM, and remained high until 10 PM. To
reflect the variability of number of arrivals by times of a day, the simulation model used a nonhomogeneous Poisson distribution for arrival rates.
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Figure 3-2. Aggregate pattern of ED patient arrivals (2012)

ED physicians requested a consult of non-emergency physician services when a patient needed a
special treatment, or admission to the hospital. When a consult was requested, a member of the
admitting physician service came to the ED and determined admission after examining the patient.
About 26% of the patients who visited the ED had at least one consult order. Of the patients
requiring consultation, about 21% had more than one consult from different units; many trauma
patients were in this category. Among 55 different admitting service units, the internal medicine
(IM) service received the largest percentage by service at approximately 28% of all consultations
requested. Due to the larger volume of admitted patients, changes on the IM admission process will
have a more impact on ED patient flow than changes on admission processes of other departments.
For this reason, this study focused on investigating the APPs for IM.

3.5.2.

The arrival process

In many modeling cases of service systems, arrivals are assumed to follow a Poisson process where
events occur at the rate of λ per unit time. Due to its assumption of independent arrivals, the Poisson
process is a good approximation of unscheduled arrivals (Banks et al., 2010). As shown in Figure
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3-2, however, ED patient arrival rates vary over the time of day, so a non-stationary Poisson process
(NSPP) is more appropriate for modeling than an ordinary Poisson process to accommodate the
time dependency.
In order to apply a NSPP, modelers must identify the intensity function (arrival rate function) λ(t)
or cumulative intensity function Λ(t) over time t. However, finding the appropriate form is a
difficult problem (Law & Kelton, 2006; Massey, Parker, & Whitt, 1996). Many studies have
proposed estimation techniques for the parameters of a NSPP. They include nonparametric methods
such as piecewise-constant estimation (Law & Kelton, 2006) and piecewise-linear cumulative
intensity estimation (Arkin & Leemis, 2000). Parametric modeling approaches were also
introduced such as the exponential-polynomial-trigonometric rate function (Lee, Wilson, &
Crawford, 1991) and the piecewise-linear approximation (Massey et al., 1996). The estimated
parameters form the basis for generating random variates.
Among various random number generating techniques, two are widely adopted for a NSPP: an
inversion transform method that employs a cumulative intensity function, and a thinning method
that uses a maximum intensity function to determine the acceptance of generated samples.
However, most modelers who use simulation software packages do not need to perform the
procedures. Simulation software including the logic in a programming library generates random
numbers for a certain probability distribution based on parameters defined by users.
For two reasons, this study chose a nonparametric piecewise-constant estimation that assumes the
arrival rate as being constant over blocks of time. First, an accurate estimation of the arrival process
may directly impact studies investigating the optimal capacity or schedule of resources to handle
demands such as in call centers. However, the precise estimation of ED arrivals does not
significantly affect the admission process, although it is associated with the overall patient flow in
the ED. The second reason is due to the limitation of the software used in this study. Simio can
only accept numbers as the parameters of a NSPP while providing the flexibility to choose time
intervals. Despite its simplicity, the method yielded a valid approximation of patient arrivals.
The time interval (0,S] can be divided into k subintervals (a0, a1], (a1, a2], …, (ak-1, ak], where a0=0
and ak=S. Let Cij be the number of arrivals that occurred during the ith time interval on the jth
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realization of the observation. The approximated arrival rate during ith time interval is then the
average number of arrivals over the n realizations, normalized for the length of the interval.

̂ (𝑡) =
λ

∑𝑛𝑗=1 𝐶𝑖𝑗
𝑛(𝑎𝑖 − 𝑎𝑖−1 )

,

𝑎𝑖−1 < 𝑡 ≤ 𝑎𝑖

for i=1,…,k. This study divided a day (0, 24] into 24 equal intervals of length and estimated the
constant for the intervals over 365 days of observation.

3.5.3.

Simulation model setting

Performance measures
The performance measures of interest were flow times of ED patients. To investigate how the APPs
impact admitted patients differently from discharged patients, we estimated ED LOS for the two
groups separately, as well as the overall ED LOS for all ED patients. Discharged patients refer to
those who were discharged from the ED. Other time metrics were also included to measure how
much the APPs affect other processes in the ED: arrival to consult order (A2CO), consult order to
admission order (CO2AO), arrival to admission order (A2AO), and admission order to ED
departure (AO2D).
Baseline model
Currently, all levels of IM physicians are involved in the admission process when ED physicians
request a consult. That is, the hospital employs APP Type 1. To investigate the impact of changes
in APPs, Types 2, 3, and 4 were designed in simulation and compared with the current type. Two
hybrid types of the four APPs were also considered to include other features of the system. Triage
Attending Consultation (TAC) is a hybrid of Types 1 and 2 in which an IM triage attending
physician works primarily with the ED physicians. The attending physician makes use of the ED
tracking board to identify patients in the ED who are likely to be admitted to IM and examines
patients who need a consult from IM. After admitting a patient promptly, the triage attending
physician assigns the patient to an IM intern and works with the admitting intern to review the
patient case. The second hybrid policy is a Remote Collaborative Consultation (RCC) in which
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both ED and admitting service attending physicians discuss a case remotely (via phone or computer)
while viewing it via the EMR. This APP can be considered a combination of Types 2 and 4.
The baseline model represented patient flow under the current APP (Type 1), including all
processes shown in Figure 3-1, from ED arrival to ED discharge to IM discharge. In the simulation
model, process times and other parameters were derived from the hospital data and time-motion
study, and expressed as theoretical statistical distributions to describe the stochastic properties of
the patient flow. Goodness-of-fit tests validated the fitness of the distributions for hospital data.
Structural assumptions and key parameters of the simulation model are explained in the next section.
The model was set to run for 380 days, including a 15 day-long warm-up period to represent the
non-terminating system of the hospital. 30 replications were performed to reduce variance of the
system due to randomness.
Structural assumptions of the simulation model
Three structural assumptions underlay all of the simulation models (baseline model and experiment
models). First, patients were continuously cared for by the same doctor and nurses until they were
discharged unless the assigned staff members were off-shift. Second, no travel times accrued when
patients and staff members moved between locations in the ED because those times were negligible
compared to other process times. Third, no patients left the ED against medical advice after they
were assigned to a bed until discharged.
The simulation models included all processes shown in Figure 3-1 from ED arrival to ED discharge
to IM discharge. Patient flow and a series of procedures performed by care providers were mainly
represented by process times, attribute assignments, and decision blocks. Additionally, the patient
flow model also took into account other properties (such as staff schedules) using various functions
of the simulation software. Due to space limitations, Table 3-2 only summarizes key parameters
used in the baseline simulation model.
The data used in the simulation was obtained from three sources: time-motion study (TMS),
hospital data (HD), and expert opinions (EO). Goodness-of-fit tests validated the fitness of the
distributions for hospital data. Figure 3-3 shows examples of choosing the best fitting distribution
for the given data using @RISK software. Since data obtained from TMS and EO did not include
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enough observations for estimating the fitted distributions, we employed either a uniform
distribution or a triangular distribution with the known mean values. Note that the value after the
last parameter in each distribution represents a specific random number stream. For example, the
Triangular (5, 10, 15, 4) distribution will generate random numbers from three parameters (5, 10,
15) and a stream number (4). Process times are in minutes.

Figure 3-3. Examples of a goodness-fit test
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Table 3-2. Key parameters of the baseline simulation model

Elements in the simulation
model
Short registration time

Staff

Distributions

Registration staff

Uniform(2,4,1 )

Data
source
TMS

Triage time

Triage nurses

Triangular(4.68,8.54,15.03,2 )

HD

Acuity assignment

Triage nurses

Discrete(1,0.0054,2,0.1222,3,0.7918,4,
0.991,5,1,3 )

HD

ED nurses

Triangular(5,10,15,4)

TMS

ED physicians

Triangular(5,15,30,5)

TMS

n/a
n/a

Probability (0.8)
Probability (0.59)

HD
HD

ED nurses

Triangular(5,10,20,6)*2

HD

Waiting time

Triangular(13,25,40,15)

HD

Waiting time

Min(300, gamma(1.1267,35.359,7))*2

HD

ED physicians

Triangular(5,10,15,8 )

EO

Consult needed?

n/a

Probability (0.26)

HD

Consult by IM?

n/a

Probability (0.28)

HD

ED physicians

Uniform(5,10,29)

EO

Discrete(1,0.79,2,0.96,3,1,49)

HD
HD&

Set up time for initial exam
Initial exam time
Labs/radiology needed?
Both radiology and lab needed?
Time from lab order to
collection
Time from radiology order to
exam
Time from lab/rad collection to
results
Lab results review time

Entering consult order time
Number of consulting assigned
Time from consulting to admit
order
Admit to IM?
Consult by other departments
and admitted to IM?
Time from admission order to
bed request
Time from bed request to bed
assignment
Time from bed assignment to
discharge order
Time from test results to
discharge
(necessary
treatment time)

Triangular(20,40,60,9)* Number of
Consulting

IM physicians

TMS

n/a

Probability (0.81)

HD

n/a

Probability (0.07)

HD

Waiting time

Min(197, lognormal(2.89,0.89,11))

HD

Waiting time

Min(766, lognormal(3.98,1.21,12))

HD

Waiting time

Min(261, lognormal(3.99,0.62,13))

HD

ED nurses and
physicians

Triangular(10,15,20,19)+
Uniform(10,15,20)+30
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HD&
TMS

Experiment models
We developed five additional simulation models that represent each APP by modifying the baseline
model with key assumptions. Although shifting the APP from one type to the other could lead to
many changes, this study concentrated on major and quantifiable changes for the simulation models.
The first assumption was made for admission rates depending on the locus of decision making or
the medical experience of decision makers. According to a pilot study (Hack et al., 2005), ED
physicians tended to be more conservative and admitted more borderline patients than IM
physicians. Also, for same ED patients, ED attending physicians were more likely than residents to
admit a given patient, while IM residents were more likely than IM attending physicians to admit
a given patient. We used the values from the study to determine the admission rate for each model.
The second assumption was made for the time to consult and the time for admission decision to
order. In Type 2, it was assumed that attending physicians make faster admission decisions and do
not need to report to other physicians as interns and residents do in Type 1. Due to the medical
experience of admission decision makers, Type 2 had reduced consulting times than Type 1. On
the other hand, Types 3 and 4 omitted several processes from Type 1, such as entering a consult
order and waiting for admitting physicians. However, for the two types, the time from admission
decision to admission order still accrued. For Type 3, it was assumed that residents and physician
extenders report the admission decision to an ED attending physician for approval and enter the
admission order. For Type 4, the time interval only accounted for entering and documenting the
order, and therefore the process time was shorter than that in Type 3.
The third assumption accounted for the number of available admission decision makers in each
model. When all providers were involved in the admission process (Types 1 and 3), any members
in a team to which a patient was assigned could examine and admit the patient. However, when
only attending physicians were involved (Types 2 and 4), the number of available staff for the
admission process was reduced. The impact of the reduced staff level was offset by the increased
priority for patients waiting for an admission decision. That is, when only attending physicians
were involved in the admission process, they prioritized seeing the patients who are likely to be
admitted patients over other patients. Table 3-3 summarizes the three main assumptions made for
the five models.
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Table 3-3. Main assumptions for alternative models
Admission

Time for Consult and

Admission decision makers

rate, %

Admission Decision to Order

(depending on time of day)

Type 1

7.3

Triangular(20,40,60)* number of consults

2-4 providers in a team

Type 2

5.6

Triangular(20,40,60)* number of consults *0.5

1-4 attending physicians

Type 3

9.0

Uniform(10,20)

4-16 providers in a team

Type 4

9.2

Uniform(10,20)*0.5

1-4 attending physicians

9.9

Triangular(20,40,60)*0.5

1 triage attending physician

7.4

Triangular(3,5,10) + Uniform(10,20)*0.5

1-4 attending physicians

Triage attending
physician
consultation
Remote
collaborative
consultation

Replications
Simulation outputs have a stochastic nature because input data include random variables. To obtain
more concrete results from the random output values, simulation models should be run more than
once. The replication of a simulation model also helps perform statistical analysis because outputs
in different replications are independently and identically distributed. The decision on the number
of replications depends on the desired accuracy of results and amount of times allowed. A larger
number of replications can increase the precision of estimators (to a certain point), but it also
requires longer running times. This study ran each model with 30 replications. This setting provides
a fair range of the confidence interval.
Steady-state simulation
EDs run 24 hours daily (steady-state system) in which setting initial conditions can be addressed in
several ways to avoid bias. An intelligent initialization includes finding the initial condition similar
to a long-run state through data collection or a simplified mathematical model (Law & Kelton,
2006). On the other hand, a long running length of a model can reduce the impact of initial
conditions on performance measures.
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This study employed a warm-up period to deal with the initial condition of the model. Since
response variables are not collected during the specified warm-up period, we can assume that a
system starts at a state where the warm-up period ends. To identify the length of a warm-up period,
the approximate time for an empty system to become a busy state was calculated. In this study, a
nearly stabilized system is equivalent to the hospital where the ED and IM beds are filled. Using
animation functions and statistical tools, the warm-up period was set up for 15 days, long enough
to be representative of steady state behavior.

3.5.4.

Simulation results

Verification and validation of the simulation model
Verification and validation of a simulation model is an important procedure to increase accuracy
and credibility of the model (Sargent, 2005). Verification was performed to ensure that the model
was implemented correctly in the computer. We verified the model using the built-in ‘trace’ and
‘animation’ options in Simio.
Validation was carried out to confirm that the baseline model was an accurate representation of the
study hospital. Physicians in the study hospital validated the model by reviewing the assumptions,
parameter values, patient flow logic, and the structure of the system. Then, the results of the
baseline simulation model were compared with the hospital data. Table 3-4 shows mean values and
confidence intervals.
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Table 3-4. Validation of the base simulation model

Hospital

Simulation results

data

Time metrics

Mean (h)

Mean (h)

95% CI

A2CO

3.5

3.48

[3.47, 3.49]

CO2AO

2.1

2.15

[2.13 , 2.17]

AO2D

3.7

3.76

[3.75, 3.78]

ED LOS

9.3

9.39

[9.37, 9.42]

IM LOS

140.9

141.2

[140.8,141.6]

ED LOS

3.9

4.0

[3.29, 4.56]

4.3

4.39

[4.39,4.40]

IM admitted
patients
(For patients who
were admitted to
IM from the ED)

Discharged patients
(For patients who
were discharged
from the ED)

ED overall LOS

For IM LOS, ED LOS of discharged patients, and overall LOS, 95% confidence intervals of the
mean values of the simulation model included the mean values of the hospital data. While mean
values of other metrics tended to be higher in a simulation model, the differences from the hospital
data were less than 8%. Since the baseline model closely represented behaviors of the patient flow
in the hospital, we could conduct experiments with the system and predict system performance.
Since it was confirmed that the baseline model closely represented patient flow in the hospital, we
could conduct experiments with the system and predict system performance.
Model results
To identify the alternative APPs that differ significantly from the baseline, we used Dunnett’s test
– a multiple comparison test. Table 3-5 shows the results of the three alternative models that include
95% confidence intervals (CI) for mean difference, and a percentage change in means from the
baseline (Δ). A negative difference (Δ) indicates that the time interval was shorter in an alternative
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model. The mean values were rounded to the nearest tenth, while the confidence intervals were
rounded to the nearest hundredth due to their narrow ranges.

Table 3-5. Simulation model results for alternative APPs

Time metrics

Baseline model

Type 2

Type 1

(IM attending

(All IM providers)

physicians)

patients

(ED attending
physicians)

Mean,

[95% CI],

Mean,

[95% CI],

Mean,

[95% CI],

Hours

Hours

Δ, %

Hours

Δ, %

Hours

Δ, %

A2CO

3.5

3.5

n/a

n/a

n/a

n/a

CO2AO

2.1

0.7

n/a

n/a

n/a

n/a

A2AO

5.6

4.2

AO2D

3.8

3.8

ED LOS

9.4

8.0

ED LOS

4.0

4.0

patients

Discharged

(All ED providers)

Mean,

IM
admitted

Type 4

Type 3

ED overall LOS

4.4

4.2

[-0.03, 0.01]
-0.3
[-1.44, -1.40]
-66.2
[-1.45, -1.39]
-24.7
[-0.02, 0.03]
0
[-1.46, -1.38]
-14.3
[-0.01, 0.01]
0
[-0.18, -0.16]
-3.9

3.8

3.8

7.5

4.1

4.4

[-1.89, -1.83]
-33.0
[-0.03, 0.02]
0
[-1.90, -1.82]
-19.8
[0.04, 0.06]
1.2
[-0.04, -0.02]
-0.6

3.6

3.8

7.4

4.0

4.3

[-2.03,-1.97]
-35.6
[-0.03,0.02]
0
[-2.05, -1.97]
-21.4
[-0.01,0.01]
0
[-0.09, -0.07]
-1.8

The results showed that all APP types significantly impacted the admitted patient flow versus the
current APP. Type 2 reduced the CO2AO time and A2AO time by 66.1% and 24.7%, respectively,
which led to the decrease of ED LOS of admitted patients by 14.3%. Type 3 also reduced the A2AO
time by 33% and therefore reduced the ED LOS of admitted patients by 19.8%. Among the
alternative process types, Type 4 had the most significant impact on the admitted patient flow: the
A2AO time and the LOS dropped by 35.6% and 21.4%, respectively.
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On the other hand, the results indicated that the alternative APP types had almost no effect on the
discharged patient flow, except Type 3, which increased ED LOS of discharged patients by 1.2%.
The global impact of the alternative types on the overall ED LOS was a minor decrease, ranging
from 0.6% to 3.9%. The limited effects on the discharged and overall patient flow were reasonable
when considering the small proportion of patients admitted to IM compared to the total number of
discharged patients.
Because Types 2 and 4 involve only attending physicians, they might be expected to have faster
admission processing times than Types 1 and 3. However, Type 4 yielded results similar to Type 3
on the A2AO time and ED LOS of admitted patients, perhaps due to the different staff levels.
Although attending physicians can examine and determine an admission order faster than interns
and residents, the total number of available decision makers was reduced, which means patients
may have to wait longer.
Table 3-6 shows the simulation results from two hybrid models, as well as comparisons of the
results with those from the basic APPs. For Dunnett’s test, the control groups were set to the hybrid
models, and treatment groups were set to basic APPs. The CIs and Δ correspond to the differences
in means from basic APPs. A negative difference (Δ ) indicates that the time interval was shorter
in a hybrid model. A TAC policy had a significant impact on both the admitted and discharged
patient flow. Compared to Types 1 and 2, the new policy led to decreased waiting times for admitted
patients in the ED for all time metrics except the AO2D time, and, as a result, the ED LOS of
admitted patients dropped by 26.4% and 13.3%, respectively. The smoother flow of admitted
patients even reduced the average ED LOS of discharged patients by about 5% compared to the
two basic models. Among the APPs considered, the TAC policy had the most significant impact
on reducing the overall ED LOS: when shifting the current APP to the TAC policy, the overall
patient flow was improved by 6.4%. Even though this efficiency was accomplished under given
conditions in a simulation model, this result implies that the new APP can cause a considerable
change.

52

Table 3-6. Simulation results of hybrid models
Triage Attending Consultation

Remote Collaborative Consultation

(Hybrid of Types 1 and 2)

(Hybrid of Types 2 and 4)

Time metrics
Mean,
Hours

A2CO

2.6

CO2AO

0.5

A2AO

3.2

AO2D

3.8

ED LOS

6.9

ED LOS

3.8

IM
admitted
patients

Discharged
patients

ED overall LOS

4.1

vs. Type 1

vs. Type 2

[95% CI]

[95% CI]

Δ, %

Δ, %

[-0.86, -0.82]

[-0.85, -0.81]

-24.2

-24

[-1.67, -1.64]

[-0.25, -0.22]

-76.9

-32

[-2.50, -2.45]

[-1.08, -1.02]

-44

-25

[-0.03, 0.02]

[-0.03, 0.02]

0

0

[-2.52, -2.44]

[-1.10, -1.02]

-26.4

-13.3

[-0.21, -0.19]

[-0.20, -0.19]

-5

-4.9

[-0.29, -0.27]

[-0.12, -0.10]

-6.4

-2.6

Mean,
Hours

3.4

0.6

4

3.8

7.8

4.0

4.3

vs. Type 2

vs. Type 4

[95% CI]

[95% CI]

Δ,%

Δ, %

[-0.13, -0.09]

n/a

-2.9
[-0.13, -0.12]

n/a

-16.5
[-0.23, -0.18]

[0.35, 0.40]

-4.9

10.3

[-0.03, 0.02]

[-0.02, 0.03]

0

0

[-0.25, -0.17]

[0.34, 0.41]

-2.7

5.1

[0.01, 0.02]

[0.01, 0.02]

0.5

0.5

[0.07, 0.08]

[-0.03, -0.01]

1.8

-0.4

An RCC is a hybrid policy of Types 2 and 4. When the APP was changed from Type 2 to this
hybrid policy, the ED LOS of admitted patients was reduced by 2.7%, while the overall LOS
slightly increased by 1.8%. On the other hand, the RCC policy did not make improvements to the
same degree as Type 4. This may be because Type 4 was already very efficient compared to the
current policy (Type 1).
Sensitivity analysis
A basic sensitivity analysis was performed to show how the model reacts to input changes. For the
analysis, we chose the IM admission rate and the time from consulting order to admission order
among the many input variables. These two variables were the main assumptions that underlie
development of alternative admission process policy types.
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In the baseline model, the ratio of IM admitted patients to the total ED patients was 7.3%. Using
the result from a pilot study (Hack et al., 2005), the admission rates for the other five models were
determined as ranging from 5.6% to 9.9%. Figure 3-4 shows how the change in the IM admission
rate affects the LOS of three different patient categories. As the admission rate increased, the LOS
of admitted patients increased but the incremental rate decreased. That is, when the admission rate
was greater than 7%, the effect on the LOS remained almost constant. Overall LOS also slightly
increased for the higher admission rate, but did not make a significant impact.

Figure 3-4. Sensitivity analysis for IM admission rates

Figure 3-5 shows the impact the time from consulting order to admission order (CO2AO) has on
the patient flows. In the baseline model, the CO2AO time was Triangular (20,40,60)*number of
consulting. For alternative models, it was assumed that the CO2AO time reduced when IM
attending physicians or ED physicians admitted patients. The x axis represents the reduction rate
for the current CO2AO time. For example, the first point of the x axis (0.2) is equivalent to the
CO2AO time 0.2* Triangular (20,40,60)*number of consulting. As the CO2AO time increased,
the LOS of admitted patients increased, but the other two LOS remained nearly unchanged. From
the sensitivity analysis, we can draw two conclusions: 1) the CO2AO time had a more substantial
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influence on the flow of admitted patients than the admission rate 2) the simulation model was
robust to the perturbations in the two assumptions from the possible minimum to maximum values.

Figure 3-5. Sensitivity analysis for the CO2AO time

3.6. Limitations

The simulation study had several limitations. We made basic assumptions to build the alternative
models, so the models did not represent all of the dynamic components observed in a hospital. Also,
this study determined the parameters of the changes based on study results (Hack et al., 2005) and
physicians’ estimations because no data exists for the new models.
As this study was conducted in an academic hospital, the effects of the APPs were framed in context
of teaching mission and physician experience. Therefore, the implications of the study results may
be limited to academic medical center settings.
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This study did not evaluate qualitative factors such as quality of care, patient satisfaction, and
educational effectiveness. Although the simulation did not capture these important measures, we
believe that efficient patient flow is closely associated with them.

3.7. Discussion and conclusion

We effectively used a simulation approach to model the complex patient flow and to estimate the
combined consequences of various factors. The simulation models included patient attributes (e.g.,
fluctuating arrival rates, acuity levels, and probability of admission), staff attributes (e.g., different
capacities during a day, process times, and responsibility for admission), and many different
processes throughout the ED. Since the attributes were interrelated and the parameters were
determined by probability distributions, changes made in the model did not yield results in a linear
fashion. For example, in Types 2 and 4, the consulting process times were set 50% lower than those
in Types 1 and 3. However, CO2AO or A2AO were reduced less than 50% due to other associated
factors such as admission rates and staff levels. The simulation results also indicated that
eliminating the consult process is not a simple solution for an efficient admission process. ED
decision models (Types 3 and 4) led to shorter ED LOS of admitted patients compared to
consultation models (Types 1 and 2). However, Type 2 had the most positive impact on the overall
patient flow with respect to the average LOS. This result may occur because ED physicians were
required to spend extra times for admission-related activities in Types 3 and 4, and as a result,
discharged patients waited longer for the physicians. The dynamic characteristics of the patient
flow and the effect of APPs may be difficult to measure by observational studies or mathematical
equations.
The simulation results suggested several important implications. The flow of IM admitted patients
was strongly dependent upon the APP: compared to the currently employed policy (Type 1), their
ED LOS decreased by 14% to 21%. In other words, patients may spend 1.4 to 2 hours less on
average in the ED before being admitted to IM under a new APP. This improvement is highly likely
to affect patient satisfaction, staff workflow, and performance measures for evaluations. Although
the actual impact of the modified admission process in a real clinical setting may be less than in a
simulated setting, the simulation results still imply potential advantages that can be achieved by
operational changes without using additional resources.
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The overall influences the APPs had on all ED patients were relatively lower than the significant
influences it had on the admitted patients. This result can be explained by the small proportion of
the IM admitted patients (about 5-10%) of the total ED population. The significant improvement
in the small group may not drastically change the overall efficiency of a whole group. However, it
is still meaningful that the 0.6% to 6.4% reductions in waiting times of all ED patients resulted
from the modification of the current APP applied only for one admitting unit. This result implies
that extending the effort to modify admission processes of other admitting units could have a much
greater impact on the overall ED patient flow.
Although all hospitals want to make processes more efficient, academic medical centers face the
additional challenge of providing both clinical care and an educational environment for physician
trainees. Numerous modifications to these basic APP types can enable academic medical centers
to meet their clinical as well as educational needs. For example, this study proposed and evaluated
a TAC policy. In this system, an IM triage attending physician uses the ED tracking board to
identify patients who—by virtue of their ESI, their age, and their presenting complaints and
comorbidities—are likely to be admitted. This physician also examines patients who need consults
from IM and determines admissions. The triage attending role was expected to significantly
decrease the CO2AO time. The simulation results confirmed this hypothesis in that better
performance measures were observed under the TAC policy than in those for Types 1 and 2. More
importantly, this efficiency was accomplished without sacrificing the educational opportunity for
IM interns and residents to perform initial patient evaluations. Likewise, academic medical centers
can balance the need for efficient processes with the needs of their physician learners by leveraging
an appropriate APP.
This study also investigated an RCC policy as a hybrid model of APP Types 2 and 4. The remote
consultation has been used in various forms for years in close community practice. The emergency
physician may phone the admitting physician to discuss a case. After they reach an agreement, the
nurse may take “verbal orders” for admission. This process is based on trust relationships built on
physicians’ comfort with each other as individual decision makers and on the admitting physician’s
personal knowledge of the patients and their needs. This personal knowledge of the decision makers
or lack of their experience is common in the academic or training world, but may be less common
in group practices. However, with the advent of the EMR, RCC becomes a renewed possibility.
The EMR enables emergency physicians and admitting physicians to collaborate verbally while
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simultaneously visualizing patient data in real time. Basing this joint decision making on data helps
prevent disagreements about the determination for disposition and reduces delays in the admission
process by saving travel times to the ED for in-person evaluation. The simulation results showed
that the RCC policy can make the admission process more efficient than when only IM attending
physicians are involved in the process (Type 2). Though the RCC policy is efficient, it diminishes
educational value. Accordingly, non-teaching hospitals may prefer this policy.
In summary, this study showed that hospital APPs from the ED to an inpatient ward affects both
admitted and discharged ED patients. Through the classification of existing APPs and the analysis
of simulation results, this study contributed to demonstrating the potential value of leveraging APPs
and developing a framework for pursuing these policies.
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A System Dynamics Approach to Predict the Overall Impact of
Interventions to Improve Chronic Kidney Disease

4.1. Introduction
Chronic kidney disease (CKD) is a growing health problem in the U.S. In people ages 65 and older,
the incidence of recognized CKD more than doubled between 2000 and 2008 (National Kidney and
Urologic Disease Information Clearinghouse (NKUDIC), 2013), and the prevalence of the disease
almost tripled during the same period (U.S. Renal Data System, 2012). Currently more than 26
million U.S. adults may have CKD of varying levels of severity (Centers for Disease Control and
Prevention, 2014a).
CKD places physical and financial burdens on patients and their communities. Patients with CKD
are at increased risk for complications and comorbidities such as cardiovascular disease,
hyperlipidemia, and anemia, which significantly increase medical costs and risk of death (National
Kidney Disease Education Program, 2013; Smith, 2004). Individuals with CKD are more likely to
be re-hospitalized or die within 30 days after hospital discharge than adults without CKD. Allcause mortality rates are also higher in patients age 66 and older with CKD (140 deaths per 1,000
patient years in 2011) than in patients age 66 and older without the disease (50 deaths per 1,000
patient years in 2011) (U.S. Renal Data System, 2013a). Overall, Medicare expenditures for CKD
totaled $45.5 billion in 2011, which accounts for 18 percent of total Medicare dollars (U.S. Renal
Data System, 2013b). Despite these substantial consequences, less attention has been paid to CKD
compared to other chronic diseases (Fishbane, Hazzan, Halinski, & Mathew, 2015).
In 2002, the National Kidney Foundation published the new CKD stage classification to promote
proper testing, recognition, and treatment of the disease (Levey, 2003). Depending mainly on the
estimated Glomerular Filtration Rate (eGFR), CKD is classified into five stages ranging from Stage
1 (minimal kidney damage) to Stage 5 (kidney failure) (The Renal Association, 2013). Patients
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with Stage 5 CKD whose survival is dependent on dialysis or transplant are said to be in end-stage
renal disease (ESRD). As CKD stage progresses, the physical and financial burdens increase and
care for the disease becomes more complex (Fishbane et al., 2015). However, the recognition and
care for CKD still tend to be delayed until late-stage CKD. According to the CKD Surveillance
Report, about 7.5% of those with Stage 3 CKD (moderately reduced kidney function) reported
being aware of having CKD, and of those with CKD Stage 4 (severely reduced kidney function),
awareness was still only about 40% (Centers for Disease Control and Prevention, 2014c).
Although CKD is irreversible, there are evidence-based interventions that can slow its progression,
enabling patients to live longer without complications. These interventions include nutritional and
lifestyle modifications and medication management, along with timely referrals to specialty care
(National Kidney Disease Education Program, 2014). Unfortunately, multiple gaps impede the
provision of optimal care for early and mid-stage CKD. The obstacles include patients’ and primary
care physicians’ limited understanding of the severity of renal dysfunction, variations in practice
for CKD treatment, insufficient time resources of nephrologists, and ineffective communication
between primary care physicians (PCPs) and specialists (Greer, Crews, & Boulware, 2012;
Shahinian & Saran, 2010; Wauters, Lameire, Davison, & Ritz, 2005).

4.2. Research objective

In response to the need to improve CKD outcomes, an interdisciplinary research has been
conducted. The overall goal of this interdisciplinary study was to transform the current healthcare
delivery system into a PCMH for CKD care. This chapter was developed to enhance the
understanding of a complex system for CKD care and to support prospective planning and
evaluating of interventions that can help delay the disease progression to ESRD. An effective
planning of the interventions based on comprehensive understanding of their potential impact will
contribute to a successful transformation.
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This research seeks to answer the following research questions:
1) Which interventions are needed to improve care for CKD?
2) How do the interventions impact the roles of care teams including primary care physicians,
nephrologists, and care managers?
3) How do the interventions impact on the disease’s development and progression? Which
intervention has the largest potential impact on the prevention of the disease’s development and
progression?
4) How do the interventions impact on healthcare resources?
The remainder of this chapter is organized as follows. Research setting is introduced in Section 4.3.
A review of literature on clinical studies for CKD is shown in Section 4.4. Approaches of this
research is explained in Section 4.5. It is followed modeling procedures and results in Section 4.6
to Section 4.9. Limitations of this research are summarized in Section 4.10. Finally, discussions
and conclusions are presented in Section 4.11.

4.3. Research setting
This study was conducted at the Penn State Hershey Medical Group (PSHMC) that provides
inpatient and outpatient care, the latter of which includes 13 separate primary care practice sites.
All practices received recognition from National Committee for Quality Assurance (NCQA) as a
level III patient-centered medical home (PCMH). The PCPs – nearly 120 general internists, family
physicians, nurse practitioners, and physician assistants at the practices – serve the central
Pennsylvania population and conduct over 400,000 visits annually. Nine care managers working at
the 13 practice sites help with patient transitioning between care settings which improves continuity
of CKD care across the healthcare spectrum.
The research team was comprised of investigators across the fields of medicine, public health
sciences, and engineering. A PCP and a nephrologist who play key roles in the CKD care processes
have brought their clinical and research experience to this project, focusing on patient and provider
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perceptions. Two industrial engineers have emphasized systems engineering in healthcare and
played significant roles in translating mental models of key stakeholders into systems thinking
modeling. A public health scientist has provided a system perspective in analyzing and identifying,
interpreting factors pertaining to patient-centered care for CKD patients. In addition to this research
team, various stakeholders of CKD care were involved in this study, which will be explained in the
following sections.

4.4. Literature Review: Clinical interventions to improve CKD care
Many studies have identified problems in healthcare delivery systems for CKD patients in the U.S.
They have also developed strategies for improving the detection, treatment, or monitoring of the
disease and have evaluated the effectiveness of these strategies. Overall, the literature
recommended screening for individuals at risk of CKD, but it showed mixed opinions regarding
appropriate target populations and the value of screening (Komenda et al., 2014; National Kidney
Foundation, 2010; U.S. Preventive Services Task Force, 2012). The U.S. Preventive Services Task
Force reported that the evidence is insufficient to conclude that routine screening for CKD in
asymptomatic adults has clinical benefits (U.S. Preventive Services Task Force, 2012). However,
studies reviewed by Komenda et al. concluded that screening for CKD is cost-effective for patients
with diabetes and hypertension (Komenda et al., 2014). A program requiring active identification
of patients with CKD through eGFR was effective for understanding gaps in care and ensuring
timely nephrology referral (Richards et al., 2008).
Other studies investigated the function of primary care in the CKD population. PCPs play
substantial roles in improving care for CKD, because they are usually first care providers who
identify patients who are at risk for CKD or in the early stages of the disease (Shahinian & Saran,
2010). In addition, they often determine the timing and frequency of screenings and referrals.
Therefore, the involvement of PCPs can significantly affect the outcomes of care and care
pathways. However, both individual and structural challenges have impeded PCPs from fulfilling
their roles: patients and providers do not recognize CKD as a distinct medical problem, PCPs lack
adequate skills to educate patients about CKD, PCPs have limited time for patient visits, and PCPs
do not receive reimbursement for CKD care and education (Greer et al., 2012; Shahinian & Saran,
2010).
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To improve the diagnosis and treatment of kidney disease, the National Kidney Foundation
established the Kidney Disease Outcomes Quality Initiative (KDOQI), which provides evidencebased clinical practice guidelines (National Kidney Foundation, 2013). Although these guidelines
contain useful information for CKD care, many PCPs have limited their use due to their length and
complexity (Fox, Voleti, Khan, Murray, & Vassalotti, 2008; Rutkowski et al., 2009). Fox et al.
(Fox et al., 2008) modified the guidelines for busy primary care practices, emphasizing the risk
factors and screening tests for CKD. Rutkowski et al. (Rutkowski et al., 2009) showed how a large
health organization customized and implemented the KDOQI guidelines successfully. By
integrating the algorithm for CKD staging and the electronic medical record (EMR), the institution
helped providers monitor and manage CKD populations more effectively and efficiently, which
contributed to improving the quality of care. Philipneri et al. (Philipneri et al., 2008) used
administrative claims information to evaluate adherence to clinical guidelines for management of
CKD. This study showed that CKD patients with nephrology referrals received more KDOQIconsistent care than those without referrals.
Nephrology evaluation also improved CKD care and outcomes. Taskapan et al. (Taskapan et al.,
2008) showed that nephrology care helped patients improve their eGFR over time; the improvement
was more significant for patients in earlier stages of the disease. The results imply that timely
referrals to nephrology not only delay the progression of CKD, but also cause its regression. Studies
reviewed by Black et al. (Black et al., 2010) indicated that early referrals to nephrology specialists
(more than 12 months prior to renal replacement therapy) were both clinically and cost effective,
considering the decline in renal function and mortality of the CKD population. On the other hand,
Kinchen et al. (Kinchen, 2002) identified patients with black ethnicity, those with severe comorbid
disease, and those without health insurance as more likely to receive late referrals to nephrology
services, which leads to shorter durations of survival for patients with ESRD.
Some studies have focused on care for patients with CKD in advanced stages. Levin et al. (Levin,
Djurdjev, Beaulieu, & Er, 2008) investigated risk factors contributing to CKD progression and
death among patients with Stage 4 CKD who received nephrology care. Owen (Owen, 2003)
indicated problems in care processes for advanced CKD patients. Zhang et al. (Zhang et al., 2009)
emphasized the effectiveness of multidisciplinary team care by showing that patients with Stages
4 and 5 CKD who attended this type of care maintained or improved their eGFR.
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The clinical studies shown above investigated the effects of interventions on target CKD population
or factors affecting the CKD care process. They tend to focus on one specific intervention and to
analyze retrospective data in a linear fashion to draw conclusions. On the contrary, we aim to
explore the integrated, complex impact of several interventions on a healthcare system, including
patients and care providers, by using a system dynamics (SD) approach. Instead of using only
historical data, we combine several data sources with the expertise of care providers and opinions
of patients, and we define relationships among relevant variables in order to predict potential
consequences.

4.5. Methods

The system for CKD care is complex because many different components – such as patients, care
providers, organizational structure, and policy – constitute the system. In addition, the interplay
between the components creates dynamic behaviors within the system. Linear and compartmental
approaches have a limitation to account for within this multifaceted system. In this respect, we
adopted a system dynamics approach because this approach unravels the complexity of a system
through non-linear feedback that represents causal relationships between the components of the
system (Maani & Cavana, 2007).
For this study, we focused our analysis on patients with Stages 3 to 5 CKD for two main reasons.
First, patients with Stages 1 and 2 have minimally damaged kidney function with normal or mild
decrease eGFR, and they are unlikely have symptoms in these stages. Considering the difficulty of
diagnosing patients with Stages 1 and 2 CKD, this study assumed that those patients are included
in the undiagnosed patient group. Secondly, the need for coordinated care between PCPs and
nephrologists greatly increases as the CKD progresses to later stages. In this respect, it is more
urgent to understand the impact of improved care management on patients with Stages 3 to 5 CKD.
This research was conducted in four phases for intervention design, qualitative and quantitative
intervention evaluation, and resource management planning. Figure 4-1 describes main analyses
performed in each phase, along with associated methods employed for those analyses. Throughout
this research, outcomes of a preceding phase were used as inputs of its succeeding phase.

64

Figure 4-1. Four-phase approach

4.5.1.

Focus group interviews

In the first phase, the research team structured potential interventions. To do so, we first
investigated existing literature to identify the main problems in the current system for CKD.
The next step was to take into account stakeholders’ perspectives. Key stakeholders in CKD care
include patients, their caregivers, physicians, care managers, social workers, and kidney transplant
coordinators. To discern their needs and challenges to the patient journey and care provisions to
those with CKD, we conducted interviews with three groups. First, we had a two-hour focus group
meeting with a patient advisory group (PAG), which consisted of a patient with Stage 4 CKD, a
patient with Stage 5 CKD on dialysis, the spouse of a patient undergoing dialysis, a dialysis social
worker with previous experience as a transplant social worker, and a renal transplant coordinator.
The research team also held a one-hour unstructured interview with two physicians including one
PCP and one nephrologist. Furthermore, we conducted one-hour semi-structured interviews with
six care managers. The interviews were recorded with the consent of the participants. In the third
step, the research team classified the challenges that the PAG and care providers addressed during
the interviews. Combining the findings from the interviews and the existing literature, the team
identified four potential interventions for further analysis.
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In the third step, we classified the challenges that the PAG and care providers addressed during the
interviews. Combining the findings from the interviews and the existing literature, the team
identified four potential interventions for further analysis.

4.5.2.

Systems thinking approach

In the second phase, the healthcare system for CKD care was modeled using a causal loop diagram.
To develop the model, the research team identified key variables consisting of endogenous and
exogenous variables. Variables that have the potential to affect CKD care but are out of the study
scope were excluded.
Then, causal relationships between the variables were represented in a causal loop diagram. Among
various systems thinking modeling tools such as model boundary chart, subsystem diagram, and
policy structure diagrams, this study used a causal loop diagram because it is a powerful pictorial
representation of causal links among variables and feedback loops (Sterman, 2000). In a causal
loop diagram, variables are connected by arrows from a cause to an effect, and a direction of the
relationship is represented by a sign with the arrows. For example, an arrow with a plus sign
indicates that one variable increases (decreases) as a result of increase (decrease) in the other. An
arrow with a minus sign represents that one variable increases (decreases) as a result of decrease
(increase) in the other. That is, variables connected by plus signs move in the same direction, while
variables linked by minus signs move in the opposite direction.
After mapping the interplay among the components of the system, we identified and analyzed
important feedback loops affecting disease’s progression and workloads of care-providers,
including PCPs, nephrologists, and care managers. Feedback can be divided into two categories:
positive and negative. Feedback is positive if an increase in a variable leads to a further increase in
the same variable after a signal travels through a chain of causal relations. Positive feedbacks
reinforce changes, so they generate exponential growth behaviors. On the other hand, feedback is
negative if an increase in a variable leads to a decrease in the variable after a delay. Since negative
loops seek a balance or stabilization of a system, they produce goal seeking behaviors (Sterman,
2000; “System Dynamics Society,” 2013).
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4.5.3.

System dynamics approach

In the third phase, the causal loop diagram was used to develop the stock-flow (SF) simulation
model of a healthcare system that depicts CKD patient flow between primary care and nephrology
care. Variables identified in the causal loop diagram were converted as stocks, flows, auxiliary
variables, or constants. Based on discussions with research teams, some variables were excluded
and new variables were identified.
The purpose of this modeling was to estimate how the PSHMG system for CKD care changes in
response to interventions. Unfortunately, the PSHMG did not have enough data to support the
modeling. As a result, using the structure and variables, we built a generic model that mostly
employs national databases for the U.S. population. Since there were time series data for some
variables, it was possible to validate the simulation model with the data. The validated model was
scaled down to represent the PSHMG healthcare system by adjusting some of the parameters. To
draw intervention inferences, a set of scenarios was designed and tested on the calibrated model.
The impacts were measured by two main performance measures: 1) disease progression rate (from
Stages 3 to 4, and from Stages 4 to ESRD), and 2) the number of patients in Stage 3 and Stage 4
CKD (prevalence). The disease progression rate was derived from the ratio of the number of
patients who are moved to the next stage during a year to the total number of patients in the stage
during a year. The two measures were examined more in detail by comparing population groups of
patients who were not involved in care management (NCM) versus patients who were involved in
care management (CM). For the rest of this chapter, patients who are not engaged in care
management will be denoted as NCM patients, and patients who are engaged in care management
will be denoted as CM patients.
The model was run for 27 years, from 1999 to 2025. Existing time series data was available from
1999 to 2011, and the data beyond the periods was estimated through extrapolation. A time step
used in the model was 0.25, which means the model results were computed quarterly (every three
months). It was assumed that the interventions were implemented in 2014, and their effects were
observed for the next 11 years, from 2015 to 2025. The SF simulation model was developed using
Vensim® software (by Ventana Systems, Inc.).
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4.5.4.

Goal programming for resource management planning

The final phase of this research was to estimate an approximate size of medical staff for CKD care.
In the SF model, the results were analyzed under the assumption that PCPs and care managers are
fully available to serve the patient population. The number of PCPs and care managers for CKD
care that meets the patient demand can be predicted using an optimization model. In particular,
when there are multiple objectives, the size of the medical staff satisfying the goals can be predicted
using a multi-criteria goal programming. The management of Family and Community Medicine at
the PSHMG had the following goals listed in ordinal importance with respect to what they desire
to achieve:
1. Provide access of patients with CKD to primary care, which meets the minimum patient
demand for PCPs and care managers

2. Limit the costs of employee salary and education on KDOQI guideline to an annual budget

3. Meet preferences of PCPs and care managers with respect to a panel size of patients with CKD

4. Avoid the under- or over- utilization of care managers time for CKD care management

Given the four preemptive goals, an integer preemptive goal programming that determines the size
of PCPs and care managers was formulated. Using the values obtained from the simulation models
under each scenario, the goal programming model was solved on the Lindo (Linear INteractive
Discrete Optmizer) linear programming solver software for each year from 2014 through 2026 and
for the selected scenarios. The Lindo code is shown in Appendix E.
Next sections explain how various models were developed, and they provide the results obtained
from each phase of the process shown in Figure 4-1.
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4.6. Identification of interventions based on focus group interviews

As explained in Section 4.4. Literature review section, many studies have identified problems
existing in the current healthcare delivery system for CKD care. The obstacles for the optimal CKD
care include the lack of patients’ awareness of CKD (Centers for Disease Control and Prevention,
2014c), the lack of PCPs’ unfamiliarity with CKD care guidelines (Fox et al., 2008; Rutkowski et
al., 2009) and their lack of skills to educate and motivate patients with CKD (Charles et al., 2009;
Greer et al., 2012; Shahinian & Saran, 2010), poor care communication between primary care and
nephrology care, and late referrals (Haley et al., 2015; Wauters et al., 2005). As a result of our
interviews, we identified the connections between the literature summary and circumstances in
actual practice.
The interviews with three different groups revealed additional challenges facing patients and care
providers during their journey with CKD. The main concerns of patients and their caregivers
included access to care, self-management, and financial hardship because of limited insurance
coverage. The PAG indicted that the patients were diagnosed with CKD in the late stages (Stage 4
or ESRD) due to the difficulty accessing healthcare. They expressed the desire to visit there PCP
sooner and have been diagnosed in earlier stages so that they can could delay the disease
progression or prepare for the treatment in the ESRD. One of the PAG members pointed out the
difficulty of using the self-management education kit provided by the hospital, while other patients’
awareness of the importance of self-management was low. The PAG highlighted the financial
challenges imposed by Medicare to obtain necessary medications and treatment. The patients also
openly voiced concerns about the disease burden on their caregivers, and caregivers acknowledged
the increasingly complicated efforts required to care for their family member with CKD.
According to the interviews with two care providers in two different care settings, obstacles to
provide high-quality patient care for CKD were identified. The main challenges in primary care
were a lack of recognition of CKD, excessive workloads, and insufficient reimbursements. The
PCP who participated in the interview indicated that some physicians do not view CKD as a distinct
medical condition and that many PCPs are skeptical of treatment goals for CKD or, due to clinical
inertia, are unwilling to treat to goals. This physician also indicated that the main causes of the lack
of preventive care for CKD are the shortage of PCPs’ available hours and the lack of reimbursement.
The nephrologist who participated in the interview pointed out that late referrals of CKD patients
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to nephrology care are the main concern in nephrology care. He emphasized that early interventions
can result in better outcomes for patients and less costs for treatment. This specialist also indicated
a communication gap between the two care settings as a significant problem. Both physicians
agreed that harmonized, team-based care that enables the physicians to co-manage and execute care
plans is paramount to improving identification and management of CKD.
The interviews with six care managers uncovered their limited roles in a patient care process. These
care managers typically focus on educating diabetic patients and counseling patients on weight loss,
which limits their involvement in patient care processes for other chronic diseases. Through the
interviews we also found that care managers’ workloads and their relationships with physicians at
the practice sites varied from person to person. Several care managers indicated that many PCPs
do not always recognize their potential to help patients and therefore do not refer patients to them.
In addition, the care managers indicated that many patients do not recognize the benefits of working
with care managers to manage their disease.
Table 4-1 summarizes the challenges the PAG, the physician group, and care managers experienced
in the current CKD care system.
Table 4-1. Challenges to the patient journey and care provisions to those with CKD
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Patient Advisory
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Late referrals to
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nephrology care
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self

Lack of

Nephrologist



A communication

workload




Lack of

Relationships

Lack of

reimbursement

knowledge about

for providing

CKD

CKD education
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Based on the findings shown in Table 4-1, the following four interventions (I-1 to I-4) were
identified for further assessment:
I-1) Education and implementation of the adapted KDOQI guidelines for PCPs.
I-2) Education and implementation of the adapted KDOQI guidelines for care managers.
I-3) Enhancement of PCPs’ awareness of care managers’ role.
I-4) Care coordination between PCPs and nephrologists, including early referrals to nephrology
care.
The interventions’ impacts on quality of care for CKD have been shown in studies. Educational
interventions targeting family practice physicians has been shown to improve compliance with
KDOQI guidelines (Wentworth, Fox, Kahn, Glaser, & Cadzow, 2011). Care managers have
facilitated patient participation in care management by performing motivational interviewing and
encouraging the use of a variety of tools and resources with visual reminders (Chen, Creedy, Lin,
& Wollin, 2012; Chlebowy et al., 2014; Ho, Camejo, Kahook, & Noecker, 2008; Vervloet et al.,
2012). It also has been shown that patients who were exposed to multidisciplinary clinics with care
managers had a survival advantage, compared to standard nephrologist follow-up (Curtis et al.,
2005). Educational interventions to improve understanding of the role of care managers by
physicians will lead to improved delegation of tasks and responsibilities to care managers, which
will in turn enable care managers to effectively manage multiple aspects of a patient’s care. The
care coordination provided in the multidisciplinary setting has been shown to lead to improvements
in such quality outcomes as the number of fistulas placed, the number of fistulas used for dialysis
initiation, and the management of anemia with higher hemoglobin levels prior to dialysis initiation
(Dixon, Borden, Kaneko, & Schoolwerth). PCPs played the essential role in partnering with
nephrologists to facilitate a smooth transition in the patient’s care (Baldwin, 2014; Smart & Titus,
2011), and the use of specific interventions to enhance awareness and identification of CKD among
PCPs led to improvements in co-management and cooperation between PCPs and nephrologists
(Haley et al., 2015). Given these positive impacts of the interventions, this study holistically
explored how they would affect patients’ disease progression and care providers’ workloads.
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4.7. Causal loop diagram

4.7.1.

Model description

In this phase, key variables were identified and their interactions were modeled using a causal loop
diagram. Then, feedback loops affected by interventions were determined. Figure 4-2 shows the
final causal loop diagram consisting of five reinforcing loops and six balancing loops to explain 27
variables with the four interventions. Individual feedback loop (R1-R5, B1-B6) is shown in
Appendix A. An arrow with a plus sign represents change in the same direction, while an arrow
with a minus sign represents change in the opposite direction. The double bar on the arrow
represents delays. Letters R and B in a circle correspond to the reinforcing and the balancing loops.
Variables written in red and italics represent the proposed interventions.
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Figure 4-2. Causal loop diagram of CKD care

72

Total nephrologist
hours

4.7.2.

Feedback loops

The identified feedback loops were analyzed to understand the dynamic behaviors arising from the
four interventions over time. This study focused on analyzing the potential, long-term impacts of
the interventions on the patient population with Stages 3 and 4 CKD and care-providers’ workloads.
Loops R1, R2, B1: Impacts of educating PCPs about the KDOQI on patients with Stages 3 and
4 CKD
Loops R1 and R2 demonstrate how physician education in KDOQI guidelines affects patients with
Stage 3 CKD and patients with Stage 4 CKD, respectively. Educating PCPs about the KDOQI
guidelines and regularly assessing their knowledge will improve the quality of primary care for
CKD by increasing their adherence to the guidelines for patient with Stages 3 and 4 CKD. In the
long term, enhanced CKD care management in primary care settings improves patients’ health
statuses, which prevents some patients in Stage 3 from progressing to Stage 4. As a result, more
patients stay longer in Stage 3. The successful implementation of KDOQI guidelines would also
enable PCPs to provide improved care for patients with Stage 4 CKD, resulting in patients staying
longer in their current stage by delaying the progression to ESRD.
These positive effects of the PCP education in CKD care guidelines can be fully achieved only
when there is a sufficient number of PCPs to meet patient demand. However, in practice, PCPs’
total available time to provide care is limited. Loop B1 shows that this restricted care resource
reduces the impacts of the PCP education on patient outcomes. When more patients stay longer in
Stage 3, the demand for primary care rises above what it otherwise would have been. Since the total
PCPs’ working hours are limited, their available hours decrease as physicians fulfill the growing
demand. When their available time becomes limited, PCPs may prioritize seeing patients with acute
conditions, and fewer patients who need regular care would be able to receive primary care on time.
The limited access to PCPs leads to poor CKD care management over time and, as a result, there
would be a faster progression of the disease to Stage 4. These ramifications of limited PCPs’ time
for patients in Stage 3 also apply to those in Stage 4; in the Appendix, B1-1 represents the balancing
loop for the patient population in Stage 3, and B1-2 represents the balancing loop for those in Stage
4. This separation between patients with Stage 3 and Stage 4 is applied to other loops that involve
the two groups simultaneously.
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Loops R3, B2, B3: Impacts of the enhanced PCP’s awareness of care managers’ role, and
impacts of educating care managers about the KDOQI on patients with Stages 3 and 4 CKD.
Loop R3 shows the overall effects of care manager education in CKD care. Care managers can play
an important role in improving patient outcomes by facilitating patient participation in care
management. Educating care managers about KDOQI guidelines would strengthen their ability to
perform the role of patient supporter. Additionally, with improved knowledge of CKD care, care
managers can bridge gaps in care that usually are not addressed during patients’ short encounters
with their PCPs. These effective interactions between patients and care managers help patients
become more aware of CKD. They also allow patients to become actively engaged in care
management, resulting in patients averting complications and delaying the disease’s progression to
an advanced stage.
Loop R3 also depicts the augmented impacts of enhanced physicians’ recognition of care managers’
role on patients’ disease progression. Care managers mainly see patients based on referrals, most
often from PCPs. When PCPs are more aware of patients’ needs and care manager roles, they send
patients more frequently to care managers. As more patients interact with care managers, a greater
number of patients are likely to manage their health better, which contributes to preventing the
progression of CKD.
Similar to loop B1, loop B2 shows that coaching and education are limited by care managers’
available time. As the number of referrals to care managers increases, care managers would not be
able to provide coaching for all patients in a timely manner. The reduced access to care managers
lessens patients’ engagement in their health, which increases the possibility that more patients
advance to the next stage of CKD.
Loop B3 shows that patients become less interested in attending the coaching sessions as they feel
healthier and more confident that they can sufficiently manage their own health. The reduced
number of encounters with care managers leaves more room for other patients who need these
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services and balances the available hours of care managers. Yet, the lower patient engagement in
care negatively affects their health status, triggering the reinforcing loop R1.
Loops R4, B4: Impacts of care coordination between PCPs and nephrologists on patients with
CKD Stage 4
Loop R4 shows the ramifications of better care coordination. Improved care communication
between PCPs and nephrologists would facilitate timely referrals to nephrology care for the patient
population in Stage 4 CKD. If PCPs refer more patients with Stage 4 to nephrologists, more patients
may receive the required care from nephrologists and set goals to avoid the progression to ESRD
in a timely manner.
Improved care coordination also augments the impact of loops R2. A care map (clinical pathway)
describes the path of CKD care based on evidence, guidelines and consensus, and it clearly defines
the roles of PCPs, specialists, and care managers in a care process (Ouwens, Wollersheim,
Hermens, Hulscher, & Grol, 2005). The guide of disease management can play a pivotal role in
improving the quality of primary care for CKD when patients need strict control of risk factors
causing complications. Care coordination between the two care settings enables physicians to
collaboratively develop a care map. With specific protocols of care suggested by specialists, PCPs
can more effectively manage the complication risks.
Similar to loops B1 and B2, loop B4 shows that nephrology care for patients with CKD stage 4 are
limited by nephrologists’ available time. As the number of referrals to nephrologists increases, they
would not be able to provide the optimal care in a timely manner. The reduced access to nephrology
care would lead to an increase in the development of renal failure.
Loops R5, B5, B6: Impacts of care coordination between PCPs and nephrologists on patients
with Stage 5 CKD
As patients reach Stage 5 CKD, in which their renal function fails severely, they require an
appropriate intervention (treatment). As shown in loop B5, the mortality rate of patients in Stage 5
substantially increases if they do not have dialysis or a transplant because their kidneys stop
working well enough to live without these treatments. However, as shown in loop R5, patients who
promptly start dialysis or receive a transplant can increase their survival rates through continuous
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care management. Care coordination between primary care and nephrology care can contribute to
improving the outcomes by enabling patients to receive nephrology care in a timely fashion. If
patients see a nephrologist too late, they have very limited options and are more likely to start
urgent dialysis. The unplanned dialysis increases the risks of complications and death in the first
year of dialysis while requiring higher hospital costs (Kazmi, Obrador, Khan, Pereira, & Kausz,
2004; Kinchen, 2002). Therefore, early referrals to nephrologists can improve the likelihood that a
patient chooses the best treatment option and, as a result, reduce the mortality rate.
Loop B6 shows that medical care for ESRD patients can be limited when nephrologists’ available
time reaches its limit. As the number of ESRD patients grows, the demand for complicated care
increases. The lack of available nephrology hours would reduce the number of patients who receive
timely care, which would result in higher survival rates among dialysis patients and renal transplant
patients.
In summary, the causal loop diagram revealed the interdependency of patients, care providers, and
policies in a healthcare system for CKD care. The analysis of the qualitative model indicated that
in the long run the four proposed interventions can contribute to postponing the progression of the
disease to advanced stages for patients with Stages 3 and 4 CKD. However, as the balancing loops
(B1, B2, B4, and B6) showed, those positive impacts will be realized only when there are sufficient
care providers and their available time to meet the patient demand. As the interventions are
integrated into a practice, the roles of care providers will be extended and harmonized.
Table 4-2 summarizes the loops’ impacts directly affected by the four interventions.
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Table 4-2. Impacts of loops associated interventions

Intervention

Loop









Quality of primary care for CKD
Patients’ health status
Patient CKD progression (from stage 3 to stage 4)
Population size of patients with Stages 3 and 4 CKD
Quality of primary care for CKD
Patients’ health status
Patient CKD progression (from stage 4 to stage 5)
Population size of patients with Stages 4 and 5 CKD

B1



PCP workload

R3






Quality of coaching and education
Frequency of referrals to care managers
Patient self-management
Patients’ health status

B2



Care manager workload

B3




Patients’ health status
Patient involvement in care












Communication between PCPs and nephrologists
Frequency of referrals to nephrologists
Patients’ care management
Patient CKD progression (from stage 4 to stage 5)
Population size of patients with Stages 4 and 5 CKD
Development of a care map for CKD
Quality of primary care for CKD
Patients’ health status
Patient CKD progression (from stage 4 to stage 5)
Population size of patients with Stages 4 and 5 CKD

B4



Nephrologist workload

R5






Patient treatment options
Patients’ care management
Patient mortality rate
Population size of patients with Stage 5 CKD

B6



Nephrologist workload

R1
I-1. Education and
implementation of the
adapted KDOQI
guidelines for PCPs

I-2. Education and
implementation of the
adapted KDOQI
guidelines for care
managers
I-3. Enhancement of
PCPs’ awareness of
care managers’ role

R2

R4

I-4. Care coordination
between PCPs and
nephrologists

Impact

R2
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4.7.3.

Application of causal loop diagram to initial decision-making

Due to limited financial and operational resources, it may not be practically possible to
simultaneously implement the four interventions. To provide insights into the managerial issue, our
research team prioritized the interventions based on their impacts on the system. Although this
prioritization was determined based on qualitative modeling results, hospital managers can leverage
this analysis when making a final decision on interventions for implementation.
For patients with Stages 3 and 4 CKD, PCP education (I-1) the KDOQI guidelines was considered
as the most vital intervention because it involves core feedback loops that have a direct influence
on those patients. As shown in Figure 4-3, increased PCPs’ knowledge and adherence to KDOQI
guidelines would play a crucial role in improving the health status of patients in CKD Stages 3 and
4 and in slowing down the progression of their disease.

Patients with
CKD stage 4 +
R2
Patients with
Stage 3 CKD

CKD progression
to stage 4

CKD progression
to stage 5
-

+

+
Demand for
primary care

R1

Patients' health
status
+
+

+
Patients who receive
care by PCPs

Quality of primary
care for CKD
+

I-1:Physician education

Figure 4-3. Core feedback loops impacted by physician education (I-1)

Another reason why we chose PCP education (I-1) as the most essential intervention was that a
successful implementation of the intervention could facilitate a greater and more rapid achievement
of other interventions. Figure 4-4 shows the dashed arrows connecting I-1 to I-3 and I-4. The link
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from I-1 to I-3 indicates that improved PCPs’ knowledge from education leads to an increase in
PCPs awareness of the importance of the role care managers play in patient care. The link from I1 to I-4 indicates that improved PCPs’ knowledge from education facilitates care coordination
between primary care and nephrology care. In this respect, the successful implementation of I-1 is
paramount to enhancing the effects of the other two interventions (R3 and R4), thus contributing
to further improvement in patient outcomes. From a practical perspective, physician education
should be the leading initiative because, education is essential to help PCPs adapt their point of
view toward a new system, which would facilitate practice change. Their outlook would also play
a significant role in keeping the interventions effective for a sustained time.
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Figure 4-4. Interventions and loops enhanced by physician education (I-1)
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For patients with Stage 3 CKD, we ranked care manager education (I-2) second in the interventions
sets. As shown in Figure 4-5, care manager education (I-2) works synergistically with physician
education (I-1) to improve the system by influencing feedback loop R1. Educating care managers
would increase patient knowledge and self-efficacy, thereby maintaining patients’ improved health
status, which is driven by physician education (I-1). (Patients’ improved health status driven by
physician education (I-1) can be maintained more effectively by increased patient knowledge and
self-efficacy led by care manager education (I-2).) Also, the improvement of care managers’
knowledge on CKD should be accomplished before increasing referrals to them through I-3 in order
to maximize the benefits of encounters between patients and care managers. If care managers are
not capable of adding value to patient care, the effect of loop R3 would not be as strong.
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Referrals to care
managers
+

Figure 4-5. Feedback loops impacted by care manager education (I-2)

For patients with Stage 4 CKD, we ranked care coordination (I-2) second in the intervention sets.
As explained earlier, care coordination is more critical to patients in advanced stages because their
conditions require comprehensive care with stricter criteria and different measures to control
complications. Also, as shown by loop R4, care coordination is expected to promote timely referrals
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to nephrology care, which critically affect decisions about treatment modality in Stage 5. When
Stage 4 patients receive integrated care from both their PCP and nephrology, the positive effects of
interventions involving care managers (I-2 and I-3) on the patient population would be enlarged.
For patients with Stage 5 CKD, PCPs’ enhanced knowledge may not have as much of an impact as
it does on patients in earlier stages because advanced patients’ complicated conditions and
treatment (such as dialysis and transplant) require frequent and comprehensive specialty care.
Instead, as shown in loop R5, care coordination, along with nephrologists’ having augmented role,
is imperative to prevent a premature death while providing both renal and non-renal related medical
care. For patients with ESRD, the impacts of I-2 and I-3 would be minimal because they require
different coaching and education from care managers in nephrology care.

4.8. Stock flow simulation model

4.8.1.

Model description

Based on the causal loop diagram developed in the previous phase, a SF simulation model was
developed, which represents CKD patient flow in a healthcare system. Figure 4-6 shows a
simplified overall structure of the model with eight stocks and major flows that directly affect these
stocks. The stocks represent the number of patients with CKD at different stages. The stock,
‘Undiagnosed patients with CKD’ represents those who have CKD but have not yet been identified
with the disease. In this study, patients with CKD Stages 1 and 2 were included in the undiagnosed
patient stock, considering the difficulty and infrequency of diagnosing patients with CKD Stages 1
and 2.
Once patients within the ‘undiagnosed patients with CKD’ group have a creatinine test and
physicians detect a problem with their kidney status, patients are diagnosed with CKD Stages 3 to
5 based on their eGFR and are moved to one of the stocks named ‘Pts with S3 (S4, S5) CKD
(NCM)’. ‘Pts with S3 (S4, S5) CKD (NCM)’ represents the number of patients diagnosed with
Stage 3 (Stage 4, Stage 5) CKD but not yet engaged in care management. It was assumed that
patients are initially not engaged in care management when they are diagnosed. These patients may
move to a stock, ‘Pts with S3 (S4) CKD (CM)’, ‘Pts with CKD on dialysis’, or ‘Pts with CKD
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with Tx’ as they are referred to care managers or educated by primary care physicians. ‘Pts with
S3 (S4) CKD (CM)’ represents the number of patients diagnosed with Stage 3 (Stage 4) CKD and
engaged in care management; ‘Pts with CKD on dialysis’ represents the number of CKD patients
on dialysis; ‘Pts with CKD with Tx’ represents the number of CKD patients who have had a kidney
transplant (tx).
Patients may advance to the next stages (e.g. from stage 3 to stage 4, stage 4 to stage 5) as their
kidney function worsens. It was assumed that patients do not go back to earlier stages. In other
words, interventions can delay the progression of the disease so that patients stay in their current
CKD stage longer, but the interventions do not cause its regression. It was also assumed that
patients stay engaged in care management once they move from a non-engagement status.

Figure 4-6. Overall structure of a stock flow model

Through discussions with experts involved in this research, the variables associated with the stocks
and flows were chosen and their relationships were determined for the model. Figure 4-7 shows a
whole SF model including auxiliary variables, exogenous variables, and four interventions chosen
from the causal loop analysis. The interventions were presented in red color and italics.
82

Primary care team
building
Change on PCPs'
awareness of care
managers' role

CKD development
Fraction of pts who
need PC service
PCP availability

Delay time to
death-S3

Undiagnosed pts
with CKD

Desired PCP visit

PCP visit
Fraction of pts getting
tested at PC

<ED visit rate>

Fraction of pts
died in S3

Mortality rate-undiagnosed

Fraction of pts
diagonised w/ S4 at PC

Diagnosis rate
for S4

Morality risk of
undiagnosed pts

ED visit rate

Diagnosis rate
for S5

Specialty care
visit rate

Mortality risk of
S4 pts

rate of dialysis

Management of the
complication risks in PC

Fraction of died
patients in S5

Delay time to
death-S5

Mortality rate S5

rate of transplant

Transplant in S5

Delay time to
death, tx

Fraction of died
pts with tx

Mortality rate for
tx pts

Care coordination
change

<FINAL TIME>

Care coordination

Pts with S5 CKD who
have a kidney transplant

Care coordination
between PCPs and
nephrologists

Transplant to
dialysis

Dialysis to
Transplant

Dialysis in S5

Fraction of pts diagnosed
with S5 at specialty care

Average duration
in S4

Pts with S5 CKD
on dialysis

fraction of died pts
with dialysis

Average duration in
S4- CM

Effect of care coordination
on complication
management

Mortality rate for
dialysis pts

Delay time to
death, dialysis

w5

Pts with S5 CKD -NCM

Fraction of pts
<Fraction of pts
diagnosed w/ S5 at PC
getting tested at PC>
<PCP visit>
Fraction of pts
diagnosed w/ S5 at ED

Fraction of pts getting
tested at ED

<Specialty care
visit rate>

Fraction of pts
diagnosed w/ S4 at ED

Fraction of pts diagnosed
w/S4 at specialty care

Delay time to
death-S4

Fraction of died
pts in S4

Probability of
choosing dialysis

Disease progression from
S4 to ESRD - dialysis

Effect of care
management on
mortality S4

Probability of DP
to S5

Disease progression from
S4 to ESRD (NCM)

Mortality rate-S4

Mortality rate for
S4-CM

Fraction of died pts
in S4, CM

Pts with S4 CKD
-NCM

Care management
engagement in S4

Delay time to
death S4, CM

<Probability of DP

Effect of complication
management on disease
mgmt
Effect of care
coordination on
referrals

<Management of the
complication risks in PC>

Effect of complication
mgmt on DP to S5

<Average duration in
S4- CM>

Disease progression from
S4 to ESRD-transplant

to S5-CM>
Effect of nephrology
care on duration in S4
<Effect of complication
Early nephrology
management on disease
care
mgmt>
<Care
coordination>
<Management of the
<Care coordination
complication risks in PC>
between PCPs and
nephrologists>

Pts with S4 CKD
-CM

<Effect of PCPs' knowledge
on care management
engagement>

<PCPs' knowledge
about CKD>

<Referrals to care
managers>

Average duration
in S3
<Default referral rates
to care managers>

Disease progression
from S3 to S4 (NCM)

Delay time to
death-S3, CM

Fraction of pts died
in S3,CM

Probability of DP
to S4

Mortality rate-S3

Effect of care
management on
mortality S3

Pts with S3 CKD
-NCM

<Specialty care
visit rate>

Diagnosis rate
for S3

Fraction of pts
diagnosed w/ S3 at PC
Fraction of pts
diagnosed w/ S3 at ED
<Fraction of pts
getting tested at ED>
Fraction of diagnosed pts
at specialty care (S3)

check rate 1

w1

Care management
engagement in S3
Mortality rate for
S3 -CM

Pts with S3 CKD CM

w4

Effect of physicians'
CKD knowledge on
duration in S3
<PCPs' knowledge
about CKD>
Effect of self-mgmt on
duration (S3)

Average duration in
S3-CM

Disease progression
from S3 to S4 (CM)

Probability of DP
to S4-CM

w3

delay to change
behavior

Effect of
Effect of Self-mgmt on
physicians' CKD
prob. of DP (S3)
knowledge on
treatment
Behaviroal
<PCPs' knowledge
self-mgmt (S3)
about CKD>

Normal behaviroal
self-mgmt

w2

Probability of
choosing transplant

Probability of DP
to S5-CM

83

Enhanced PCPs'
awareness of care
managers' role

Referrals to care
managers

PCPs' knowledge
about CKD

Default referral rates
to care managers

Effect of PCPs' awareness
on referrals to care
managers

PCP's knowledge
change

<FINAL TIME>

Eduction of KDOQI
guidelines for PCPs
Effect of PCPs' knowledge
on care management
engagement

Effect of care
managers' knowledge
on self-mgmt

Care managers'
knowledge about CKD

Care manager
knowledge change

Education of KDOQI
guidelines for care
managers

<Effect of self-mgmt
on duration (S3)>

<PCPs' knowledge
about CKD>

<Effect of physicians'
CKD knowledge on
duration in S3>

<PCPs' knowledge
about CKD>
Effect of PCPs'
knowledge on
self-mgmt

Modality selection

Effect of nephrology care
on treatment modality
<Early nephrology
care>

Figure 4-7. Stock flow diagram of CKD care

4.8.2.

Input data of a generic stock flow model

The majority of the generic model’s parameters were obtained or estimated using various U.S.
national data sources. When there was no available data, two physicians participating in this
research estimated the parameters based on their experience. Table 4-3 summarizes the main
parameters and data sources. Since the interventions have not yet been implemented, parameters
associated with the interventions did not exist, making it difficult to define functions representing
the relationships between those parameters. To quantify the parameters and functions, a semiquantitative survey was conducted with the two physicians. The inputs from the survey were
converted to lookup functions in the model. A sample of the survey results is shown in Appendix
C.

4.8.3.

Model calibration

As shown in Table 4-3, input data sources for the SF simulation model varied from national
databases to expert opinions. Some of the variables were estimated by combining several sources.
In order to improve the model with respect to parameters, model calibration should be conducted.
In SD, optimal parameters can be identified by fitting the model to past time series data. In other
words, we can use an optimization function to determine a set of parameters that provides the best
fit between a past time-series dataset and the variables of interest. In Vensim, the optimal values
are maximum likelihood estimates computed by a maximum payoff function.
Among the key variables in this study, two variables were chosen to be fitted to their real timeseries data obtained from the U.S. Renal Data System database (U.S. Renal Data System, 2013c).
The variables included the diagnosis rates of Stage 3 and Stage 4 CKD and CKD prevalence (the
number of patients with Stages 3 or 4 CKD no matter if they are engaged in care management or
not). Relevant parameters, through which the calibration optimization is performed over, included
the fractions of patients diagnosed with Stages 3 or 4 CKD at different care settings (primary care,
specialty care, and in an emergency department) and the fractions of patients who died at Stages 3
or 4. Through iterative searching procedures, the optimal parameters were determined. Figure 4-8
shows how well the model fit the past time-series data with the chosen parameters from calibration.
Now, this calibrated model can be used to predict more accurate results for various scenarios.
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Table 4-3. Input data for a generic stock flow model
Variable

Parameter

Reference

CKD incidence

Time series data from 19992011 (Appendix D)

Estimated using United States
Renal Data System (USRDS)

Fraction of patients who need PC
service

1.84

CDC (National Ambulatory
Medical Care Survey)

Fraction of patients who visit an ED

0.43

U.S. Health 2012

Fraction of patients who visit
specialty offices

0.78

U.S. Health 2012

Fraction of patients whose serum
creatinine was measured in PC

0.37

USRDS

Fraction of patients whose serum
creatinine was measured in an ED

0.5

Rohun et al. 2011

Proportion of care settings where
patients are diagnosed with S3 CKD
Proportion of care settings where
patients are diagnosed with S4 CKD
Proportion of care settings where
patients are diagnosed with S5 CKD
Fraction of patients diagnosed with
CKD in PC
Fraction of patients diagnosed with
CKD in an ED
Fraction of patients diagnosed with
CKD in specialty care (nephrology,
cardiology care)
Average duration in S3 without care
management before advancing to
the next stage
Average duration in S3 without care
management before advancing to
the next stage
Probability of disease progression
without care management
Fraction of patients died (without
care management)

Primary care:70 %
ED: 5%
Specialty care:25 %
Primary care:60 %
ED: 10%
Specialty care:30 %
Primary care:40 %
ED: 10%
Specialty care:50 %
S3: 28.80%
S4: 10%
S5: 4.50%
S3: 2.02%
S4: 1.67%
S5: 3.40%
S3: 10.37%
S4: 5%
S5: 7%

Expert opinion

Expert opinion

Expert opinion
Estimated by calibration
optimization
Estimated by calibration
optimization
Estimated by calibration
optimization

5.15

Expert opinion

2.80

Expert opinion

S3 to S4: 0.6
S4 to S5: 0.7

Expert opinion

S3: 10% to 14.82%
S4: 19% to 28.15%
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Figure 4-8. Time series data and calibrated model

4.8.4.

Scenario analysis

The generic model calibrated based on the data in Table 4-3 was applied to the PSHMG healthcare
system by scaling down some of its parameters. Based on available data from PSHMG and
estimations by physicians at the hospital, the size of CKD patients served in its practices was
determined. The patient population at the PSHMG practices was approximately represented by
reducing some of the parameters by a factor of 0.05 of the values used in the generic model. The
parameters adjusted for a PSHMG model included CKD development (the number of CKD
incidences per year), the initial number of patients in stocks (undiagnosed patients, Stages 3, 4, 5
patients with/without care management). Other parameters and functions representing the
relationships between parameters remained the same. Therefore, the system behavior patterns in
the PSHMG model using the adjusted data were almost identical to those in the initial model using
the original data.
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To measure the quantitative effects of the four interventions on the PSHMG system, four scenarios
were tested, in which each of the four interventions was implemented one at a time. Table 4-4
summarizes the four scenarios.
Table 4-4. Four scenarios designed based on each intervention

SCENARIO

INTERVENTION

Scenario 1

Physician education about KDOQI guidelines

Scenario 2

Primary care team building

Scenario 3

Care manager education about KDOQI guidelines

Scenario 4

Care coordination

Figure 4-9 shows how the four scenarios affected the whole patient population with Stages 3 and 4
CKD. Scenario 1 had the greatest impact on the disease prevalence by increasing the CKD Stage 3
population and decreasing the CKD Stage 4 population. Scenario 2 also increased the CKD Stage
3 population, although the degree of increments was considerably smaller than Scenario 1, and it
slightly increased the number of patients in Stage 4. Scenario 4 only affected patients with Stage 4
CKD, although the impact was smaller than Scenarios 1 and 2.

Figure 4-9. Impacts of four scenarios on the total CKD patient population

Figure 4-10 demonstrates the disaggregated impacts of the four interventions for NCM and CM
patients in both stages. When physician education intervention (Scenario 1) or the team building
intervention (Scenario 2) is implemented, the number of NCM patients in Stage 3 decreased by
2019, and the number of patients started to increase beyond the period. On the other hand, the two
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interventions led to an increase in the number of CM patients in Stage 3 until 2023. The change in
the trend (from increase to decrease or vice versa) occurred since it was assumed that the
interventions’ effects diminish over time. Similarly, these two interventions substantially affected
the number of NCM and CM patients in Stage 4 CKD, while team building (Scenario 2) had a
greater impact on increasing CM patients in Stage 4 than physician education (Scenario 1) between
2016 and 2024.

Figure 4-10. Impacts of four scenarios on the CKD population with patient groups

Figure 4-11 and Figure 4-12 show how disease progression in Stages 3 and 4 changed in response
to the four scenarios. Note that these values represent the number of patients who moved to the
next stage rather than ratios. Figure 4-11 shows the results for Stage 3 patients. Scenario 1
(physician education) and Scenario 2 (team building) contributed to reducing the number of NCM
patients with disease progression and caused increments in the number of CM patients with disease
progression. However, the changes do not directly mean that the interventions had an impact on
reducing or improving disease progression. In other words, the changes in numbers could be
because of the reduced or increased size of the patient population from interventions. In order to
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see the net impact of the interventions on the disease progression, we need to look at the aggregate
changes in the total population instead of looking at changes in NCM and CM patients separately.
For Stage 3 patients, Scenario 1 (physician education) had the greatest impact on lowering the total
number of patients developing disease progressions until 2023. Intervention 2 (team building) led
to a slight increase in the total number of disease progression from Stages 3 to 4, whereas
intervention 3 (care manager education) led to a small decrease in the numbers. Figure 4-12 shows
the results for Stage 4 patients. When looking at the changes in NCM and CM patients in Stage 4
separately, Scenarios 1 and 2 affected the number of disease progressions the most. However, when
focusing on the change in the total number of disease progressions from S4 to ESRD, Scenario 1
(physician education) and Scenario 4 (care coordination) decreased the number, while Scenario 2
(team building) tended to increase the number; the magnitude of the impact of Scenario 2 was less
than the other two scenarios.

Figure 4-11. Impacts of four scenarios on disease progressions for Stage 3 CKD patients
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Figure 4-12. Impacts of four scenarios on disease progressions for Stage 4 CKD patients

The two measures analyzed above are absolute numbers. To understand the impact of the
interventions on disease progression more accurately, the rate of disease progression can be
analyzed as
Rate of disease progressioni,t =

Number of patients who are moved from stage i to stage i+1 during time t
Total number of patients in stage i in the beginning of time t

Figure 4-13 and Figure 4-14 show the impact of interventions on disease progression rates with
respect to the total population and CM patients. As shown in Figure 4-13, overall Scenario 1
(physician education) had the most significant impact on reducing the disease progression rate from
Stage 3 to Stage 4. The intervention decreased the total disease progression rate by 29.18% at the
maximum (0.1165 to 0.0825) and decreased the rate for CM patients by 57.95% at the maximum
(0.1147 to 0.0506). Scenario 3 (care manager education) had an effect on decreasing the disease
progression rate for CM patients by about 23.8%, but its effect on the total rate from Stage 3 to
Stage 4 was not significant. Figure 4-14 shows the disease progression rates from Stage 4 to ESRD.
Both Scenario 1 (physician education) and Scenario 2 (team building) led to a small decrease in the
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total rate by 2.16% (0.2490 to 0.2436) and 2.45% (0.2490 to 0.2429), respectively, while Scenario
4 (care coordination) decreased the total progression rate by 7.22% (0.2490 to 0.2310). When
looking at the progression rate for CM patients only, Scenario 4’s effect was substantial; it reduced
the rate for CM patients by 83.22% (0.2382 to 0.0399).

Figure 4-13. Impacts of four scenarios on disease progression rates for Stage 3 CKD patients

Figure 4-14. Impacts of four scenarios on disease progression rates for Stage 4 CKD patients

Scenarios 1 to 4 showed the effects of individual interventions on two main measures. The PSHMG
may want to have more than one intervention in practice. To investigate the combined effect of
interventions, four additional scenarios (Scenarios 5 – 8) were designed, as shown in Table 4-5.

91

Table 4-5. Four additional scenarios designed based on the combinations of interventions

SCENARIO

INTERVENTIONS

Scenario 5

Physician education + Primary care team building

Scenario 6

Physician education + Primary care team building +Care manager education

Scenario 7

Physician education + Primary care team building +Care coordination

Scenario 8

Physician education + Primary care team building +Care manager education +
Care coordination

Both causal loop diagram analysis and previous scenario analysis indicated that physician
education has the greatest potential impact on slowing disease progression rate. In this respect, the
new scenarios were constructed to test the increased benefits of adding other interventions to
physician education. Under the assumption that physician education is implemented, Scenario 5
incorporates primary care team building (intervention 2), Scenario 6 incorporates both primary care
team building and care manager education (intervention 3), and Scenario 7 incorporates both
primary care team building and care manager education. Lastly, Scenario 8 includes all four
interventions.
Figure 4-15 shows the results of the additional four scenarios in terms of the total disease
progression rates for Stage 3 patients. When primary care team building is added (Scenario 5), the
disease progression rate significantly reduced compared to physician education only (Scenario 1).
When care manager education is added to physician education and team building (Scenario 6), the
effect of reducing the rate was even greater. However, adding care coordination to the two
interventions – physician education and team building – (Scenario 7) did not have a significant
impact on the outcome. Its minor impact on Stage 3 patients is probably because it was modeled
under an assumption that care coordination focuses on Stage 4 patients. When looking at the results
only for CM patients, the impacts are different to some extent. An additional benefit of reducing
the disease progression rate for the CM patient population was obtained only by Scenario 6 that
incorporates care team building and care manager education with physician education. Adding
other interventions to physician education did not result in improving the outcome.
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Figure 4-16 shows the effects of Scenarios 5 – 8 on Stage 4 patients’ disease progression rates.
From the perspective of the whole Stage 4 patient population, the combination of physician
education, primary care team building, and care coordination (Scenario 7) had the greatest impact
on decreasing the rate of disease progression to ESRD. Scenarios 7 and 8 showed almost the same
effect, which implies that care manager education may be not a critical factor for slowing down
disease progression for this patient population. Scenarios 5 and 6 also contributed to slightly
reducing the progression rate of CKD Stage 4. That is, physician education with primary team
building and care coordination is the most impactful way to prevent disease progression to ESRD.
When considering the impact of interventions only for CM population in Stage 4, care coordination
is the most substantial intervention to affect the rate of disease progression to ESRD. Although
other interventions can reduce the number of patients moving to an ESRD stage, it turned out that
they do not influence the rate of disease progression from Stage 4 to ESRD.
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Figure 4-15. Impacts of scenarios on the total disease progression rates for Stage 3 patients
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Figure 4-16. Impacts of scenarios on the total disease progression rates for Stage 4 patients

In summary, physician education (intervention 1) had the largest effect on S3 patients in the
simulation model. As shown in Figure 4-9, the CKD Stage 3 population increased because of the
intervention. This result is mainly due to a decline in the patient population’s disease progression
to Stage 4. Physician education was expected to encourage patients’ engagement in care
management, which increased the number of S3 CM patients and decreased the number of S3 NCM
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patients, as shown in Figure 4-10. Since physician education helped manage S3 CM patients better,
they may stay longer in their current disease stage, decreasing the number of patients who advanced
to the next stage as shown in Figure 4-11. The reduction in the number of disease progressions led
to enlarging the size of the CKD Stage 3 population than it would have been otherwise without the
intervention.
Physician education also significantly affected S4 patients, while the direction and magnitude of
the effects was different from the impact on S3 patients. As shown in Figure 4-9, the intervention
led to a slight decrease in the CKD Stage 4 population, while it also entailed a decrease in disease
progression to the advanced stage, as shown in Figure 4-12. This implies that the changes in disease
progressions from S3 to S4 were larger than disease progression from S4 to ESRD. In other words,
the impact of physician education on the reduction in inflow (progression from S3 to S4) was
greater than the impact of the intervention on the increase in outflow (progression from S4 to
ESRD). As a result, the number of S4 patients increased to a small extent.
In the model, primary care team building (intervention 2) also substantially affected both S3 and
S4 patients. Like physician education (intervention 1), team building caused an increment in the S3
patient population, but the extent was much less. The difference in the extent may be because of
intervention 2’s weaker impact on delaying the disease progression of S3 CM patients. Although
enhanced team building (intervention 2) helped promote engaging patients in care management, it
did not contribute to preventing disease progression to Stage 4 as much as intervention 1 did. As a
result, the S3 CM population was smaller and the S4 CM population was larger under intervention
2 compared to intervention 1.
When intervention 2 was implemented with intervention 1 in the simulation model, its effects on
the disease progressions were significantly augmented, as shown in Figure 4-15. Practically, the
results implied that without physician education, strong care team building may have a limited
impact on patient outcomes, although it can stimulate patients’ involvement in care management.
Care manager education (intervention 3) had a minimal impact on S3 and S4 patients when it was
the only intervention implemented in the model. However, Figure 4-15 shows that the intervention
had considerable effects on disease progression when coupled with physician education and
primary care team building. In particular, the joint intervention of the three interventions had the
greatest effects on S3 patients among the interventions and their combinations. The results
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indicated that investments in education for the two provider groups and in enhancing primary team
will eventually help patients prevent disease progressions to advanced stages through managed care
and coaching.
Care coordination between primary care and nephrology care (intervention 4) had a substantial
effect on S4 patients in the model. As shown in Figure 4-12, the intervention led to a decline in
disease progression to ESRD, which caused a slight increase in the S4 patient population. The
impact of care coordination was especially critical with respect to reduction in the disease
progression of S4 CM patients, as shown in Figure 4-14. When coupled with physician education
(intervention 1) and care team building (intervention 2), care coordination exerted a strong
influence on S4 patients by decreasing the disease progression rates to ESRD the most, as shown
in Figure 4-16. These results emphasized the role of care coordination in effective care for S4
patients.
Note that it was assumed that interventions affect the duration and probability of mortality of S3
and S4 patients. However, the impact of changes in mortality was not highlighted in this research
for two reasons. First, there was not enough data on mortality to validate assumptions used in this
model. Second, since the volume of disease progression is much larger than the volume of
mortality, changes in the population size can be attributed to changes in disease progression.

4.9. Resource management planning using goal programming

4.9.1.

Model description

As explained in Section 4.5.4, PSHMG managers had the following goals listed in ordinal
importance with respect to what they desire to achieve:
1. Provide access of patients with CKD to primary care, which meets the minimum patient
demand for PCPs and care managers

2. Limit the costs of employee salary and education on KDOQI guideline to an annual budget
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3. Meet preferences of PCPs and care managers with respect to a panel size of patients with CKD

4. Avoid the under- or over- utilization of care managers time for CKD care management

Given the four preemptive goals, an integer preemptive goal programming that determines the size
of PCPs and care managers was formulated as
+)
Minimize: 𝑃1 (𝑑1− + 𝑑2− ) + 𝑃2 (𝑑3+ + 𝑑4+ + 𝑑𝐶+ ) + 𝑃3 (𝑑5+ + 1.5𝑑6− ) + 𝑃4 (1.5𝑑7+ + 𝑑8− + 2𝑑𝑀

Subject to
50𝑎𝑃𝐶𝑃 𝑥1 + 𝑑1− − 𝑑1+ = 𝑏min_𝑃𝐶𝑃

(1)

50𝑎𝐶𝑀 𝑥1 + 𝑑2− − 𝑑2+ = 𝑏min_𝐶𝑀

(2)

𝑐𝑠𝑎𝑙_𝐶𝑀 𝑥2 + 𝑐𝑒𝑑𝑢_𝐶𝑀 𝑥2+ 𝑑3− − 𝑑3+ = 𝑏bud_𝐶𝑀

(3)

𝑐𝑒𝑑𝑢_𝑃𝐶𝑃 𝑥1 + 𝑐𝑒𝑑𝑢_𝐶𝑀 𝑥2+ 𝑑4− − 𝑑4+ = 𝑏bud_𝑒𝑑𝑢

(4)

𝑑3+ +𝑑4+ + 𝑑𝑐− − 𝑑𝑐+ = 𝑏bud_𝑒𝑥𝑐𝑒𝑠𝑠

(5)

50𝑣𝑃𝐶𝑃 𝑥1 + 𝑑5− − 𝑑5+ = 𝑏max_𝑃𝐶𝑃

(6)

50𝑣𝐶𝑀 𝑥2 + 𝑑6− − 𝑑6+ = 𝑏max_𝐶𝑀

(7)

50𝑡𝐸 𝑢𝑢𝑛𝑑𝑒𝑟 𝑥2 + 𝑑7− − 𝑑7+ = 𝑏mintime_𝐶𝑀

(8)

50𝑡𝐸 𝑢𝑜𝑣𝑒𝑟 𝑥2 + 𝑑8− − 𝑑8+ = 𝑏max𝑡𝑖𝑚𝑒_𝐶𝑀

(9)

−
+
𝑑7+ +𝑑8− + 𝑑𝑀
− 𝑑𝑀
= 𝑏util_𝑒𝑥𝑐𝑒𝑠𝑠

( 10 )

50𝑎𝑃𝐶𝑃 𝑥1 ≥ 𝑏𝑝𝑡_𝑡𝑒𝑠𝑡

( 11 )

50𝑡𝑁𝐸 𝑥2 ≥ 𝑏𝑁𝐸_𝑚𝑔𝑚𝑡

( 12 )

𝐴𝑙𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 ≥ 0

( 13 )

Decision variable
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𝑥1

the number of required PCPs for CKD care in PSHMG practices

𝑥2

the number of required care managers for CKD care in PSHMG practices

Coefficients
𝑎𝑃𝐶𝑃

the minimum number of CKD patients who can be treated by each PCP per week. This
coefficient can be calculated by multiplying 𝑟𝑚𝑖𝑛 by 𝑛𝑡𝑜𝑡𝑎𝑙 where 𝑟𝑚𝑖𝑛 denotes the
minimum proportion of CKD patients who can be treated by one PCP per week and
𝑛𝑡𝑜𝑡𝑎𝑙 the total number of patients treated by one PCP per week. It was assumed that the
proportion 𝑟𝑚𝑖𝑛 can be recommended by a PSHMG policy.

𝑎𝐶𝑀

the minimum number of CKD patients who can be seen by each care manager per week.
This coefficient is set by a PSHMG policy.

𝑐𝑠𝑎𝑙_𝐶𝑀

the cost for salary for a care manager

𝑐𝑒𝑑𝑢_𝐶𝑀 the cost for care manager education on KDOQI guideline
𝑐𝑒𝑑𝑢_𝑃𝐶𝑃 the cost for a PCP education on KDOQI guideline
𝑣𝑃𝐶𝑃

the maximum number of CKD patients each PCP is willing to see per week. This
coefficient can be calculated by multiplying 𝑟𝑚𝑎𝑥 by 𝑛𝑡𝑜𝑡𝑎𝑙 where 𝑟𝑚𝑎𝑥 denotes the
maximum proportion of CKD patients who can be treated by one PCP per week and
𝑛𝑡𝑜𝑡𝑎𝑙 the total number of patients treated by one PCP per week. It was assumed that
PCPs can determine a patient volume for cases.

𝑣𝐶𝑀

the maximum number of CKD patients each care manager is willing to serve per week.
It was assumed that the number can be adjusted at care managers’ discretion to a certain
extent.

𝑡𝐸

the number of hours each care manager spends to serve patients who are engaged in care
management. Main tasks performed during these hours include education and coaching.

𝑡𝑁𝐸

the number of hours each care manager spends to serve patients who are diagnosed with
CKD but are not engaged in care management yet. Main tasks performed during these
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hours include data mining for patients who highly need care management and
communicating the list with PCPs.
𝑢𝑢𝑛𝑑𝑒𝑟

the minimum care manager utilization for CKD care. It was assumed that the ratio is
determined by a hospital manager.

𝑢𝑜𝑣𝑒𝑟

the maximum care manager utilization for CKD care. It was assumed that the ratio is
determined by a hospital manager.

Right hand side (RHS) values
𝑏min_𝑃𝐶𝑃

the total minimum number of CKD associated encounters for which PCPs are
required to serve per year as needed. This is the minimum service level PCPs should
meet to ensure patient access to a certain extent.

𝑏min_𝐶𝑀

the total minimum number of CKD associated encounters for which care managers
are required to serve per year as needed. This is the minimum service level care
managers should meet to ensure patient access to a certain extent.

𝑏bud_𝐶𝑀

the total amount of budget allocated for care managers per year

𝑏bud_𝑒𝑑𝑢

the total amount of budget allocated for PCP and care manager education per year

𝑏bud_𝑒𝑥𝑐𝑒𝑠𝑠

the maximum amount of exceeded cost acceptable per year

𝑏max_𝑃𝐶𝑃

the total maximum number of CKD associated encounters for which PCPs are
willing to serve per year as needed.

𝑏max_𝐶𝑀

the total maximum number of CKD associated encounters for which care managers
are willing to serve per year as needed.

𝑏min𝑡𝑖𝑚𝑒_𝐶𝑀 the minimum number of care manager hours expected to be spent to serve a part of
patients who are engaged in care.
𝑏max𝑡𝑖𝑚𝑒_𝐶𝑀 the maximum number of care manager hours expected to be spent to serve patients
who are engaged in care.
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𝑏util_𝑒𝑥𝑐𝑒𝑠𝑠

the maximum magnitude of under- or over-utilization acceptable

𝑏𝑝𝑡_𝑡𝑒𝑠𝑡

the expected number of patient visits to primary care practices for CKD tests and
diagnosis

𝑏𝑁𝐸_𝑚𝑔𝑚𝑡

the minimum number of non-care engagement patients for whom care managers are
expected to perform a dynamic search

Deviation variables
𝑑1− , 𝑑1+

deviations from the objective of ensuring that the available PCPs’ hours for patients with
Stages 3 and 4 CKD are not short to meet the demand of patients (both those who are
engaged and not engaged in care management) to see PCPs

𝑑2− , 𝑑2+

deviations from the objective of ensuring that the available care managers’ hours for
patients with Stages 3 and 4 CKD are not short to meet the demand of patients who are
engaged in care management to see care managers

𝑑3− , 𝑑3+

deviations from the objective of ensuring that the total costs for care managers do not
exceed the desired annual budget

𝑑4− , 𝑑4+

deviations from the objective of ensuring that the total costs for PCP and care manager
education on KDOQI guideline do not exceed the desired annual budget

𝑑𝑐− , 𝑑𝑐+

deviations from the objective of ensuring that the total exceeded costs salary and
education do not exceed the maximum acceptable amount

𝑑5− , 𝑑5+

deviations from the objective of ensuring that the total number of patient visits to PCPs
for CKD care do not exceed PCPs’ preferred maximum volume

𝑑6− , 𝑑6+

deviations from the objective of ensuring that the total number of patient encounters
(visits, phone calls) regarding care management for CKD care do not exceed care
managers’ preferred maximum volume

𝑑7− , 𝑑7+

deviations from the objective of ensuring that care managers’ utilization (actual spent
hours/scheduled hours) is at least greater than the desired lower bound
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𝑑8− , 𝑑8+

deviations from the objective of ensuring that care managers’ utilization (actual spent
hours/scheduled hours) do not exceed the desired upper bound

−
+
𝑑𝑀
, 𝑑𝑀

deviations from the objective of ensuring that the magnitude of under- or over-utilization
of CMs do not exceed the maximum acceptable degree

P1 – P4 in the objective function represents a priority for the four goals in order (P1 >> P2 >> P3 >>
P4), where goals at a higher priority must be satisfied as much as possible before lower priority
goals are considered. When sub-goals at the same priority level have a different preference, weights
are assigned to the sub-goals. For example, for the third goal, the deviation from the maximum
patient panel size for care managers (𝑑6+ ) was assigned at a 1.5 times higher weight than the
deviation for PCPs (𝑑5+ ). The rationale behind the different weights between the groups is that the
deviation may not significantly affect PCPs’ practice, as they can reduce a patient panel with other
cases, while the deviation’s impact may be greater on care managers’ workload, as they do not have
the flexibility to adjust a case-mix like PCPs do. Similarly, different weights were assigned to the
sub-goals for the utilization of care managers (goal 4). Compared to the deviation from the
overutilization, the weight for the deviation from the underutilization was 1.5 times higher, and the
weight for the deviation from the maximum acceptable range regarding the utilization was 2 times
higher. These weights implied that hospital managers are more concerned about maintaining the
minimum utilization of care managers for CKD care management.
Constraints (1) and (2) define the desired staff size to guarantee CKD patients access to primary
care and care management to a certain extent. Constraint (1) indicates that the total PCPs’
productivity for CKD patients per year (the number of patients with CKD who can be seen by
PCPs) should be at least enough to accommodate the minimum number of patient visits for CKD
care (𝑏min_𝑃𝐶𝑃 ). According to the 85th Annual Medical Economics 2013 Physician Profile Study,
on average, family/general practitioners served 99 patient visits per week in 2012. With the
assumption that 𝑛𝑡𝑜𝑡𝑎𝑙 = 100, 𝑟𝑚𝑖𝑛 = 0.1, and PCPs work 50 weeks per year, the total PCP’s
annual productivity for CKD patients can be stated as 500𝑥1 . Let S3(4)NE denote the number of
patients with Stage 3(4) CKD without care management, and S3(4)E the number of patients with
Stage 3(4) with care management during a year. The value 𝑏min_𝑃𝐶𝑃 was estimated as
S3NE+S4NE+2(S3E+S4E) based on the assumption that patients without care management at least
see a PCP once a year and patients with care management at least see a PCP twice a year. Similarly,
constraint (2) indicates that care manager’s total productivity for CKD patients per year should be
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at least enough to accommodate the minimum number of patient visits for CKD care management
(𝑏min_𝐶𝑀 ). Based on the assumption that 𝑎𝐶𝑀 = 50 and care managers work 50 weeks per year, the
total PCP’s annual productivity for CKD patients can be stated as 2500𝑥1 per year. The value
𝑏min_𝐶𝑀 was estimated as 4(S3E+S4E) based on the assumption that patients engaged in care see
or have a phone meeting with a care manager between and at PCP visits, which is 4 times per year.
Constraints (3) through (5) represent restrictions on the staff size affected by budgets for CM
positions and education for both care managers and PCPs, respectively. The average care
coordinator salary, $40,200, was used for 𝑐𝑠𝑎𝑙_𝐶𝑀 , and education costs (𝑐𝑒𝑑𝑢_𝐶𝑀 and 𝑐𝑒𝑑𝑢_𝑃𝐶𝑃 ) were
assumed as $5,000. The annual budgets for care managers (𝑏bud_𝐶𝑀 ) and education (𝑏bud_𝑒𝑑𝑢 ) were
$500,000 and $300,000, respectively. Also, $50,000 was assigned to the maximum exceeded cost
(𝑏bud_𝑒𝑥𝑐𝑒𝑠𝑠 ).
Constraints (6) and (7) define the relationship between the staff size and a patient panel size for
CKD care. In other words, the maximum potential visits of patients with CKD that PCPs and care
managers are willing to manage should not be higher than their productivity. A PCP involved in
this research estimated that it is desirable for patients in Stage 3 CKD to see their PCP every 4
months, while for patients in Stage 4, every three months is recommended. Also, it is beneficial for
patients to interact with care managers between PC visits to fill the gaps in care. In this respect,
𝑏max_𝑃𝐶𝑃 was estimated as (S3NE+S4NE)+(3S3E+4S4E), and 𝑏max_𝐶𝑀 was estimated as
6S3E+8S4E.
Constraints (8), (9), and (10) define the lower and upper bounds for care manager utilization for
care management. The utilization was defined as the ratio of the number of expected care manager
hours spent on care management to the total scheduled hours. To compute the expected care
manager times for care management, it was assumed that the duration of patient visits with a care
manager decreases as patients become educated through care management. More specifically, it
was assumed that a care manager spends an hour for the first patient visit, spends 30 minutes for
the next three visits, and spends 15 minutes afterwards. Constraint (8) represents that the minimum
utilization of care manager hours should be at least 0.7 or greater. As defined in constraint (7), the
maximum number of patient appointments with care manager is 6S3E+8S4E. With the assumption
that the minimum number of appointments is a half of the maximum (3S3E+4S4E) including the
first visit, (𝑏min𝑡𝑖𝑚𝑒_𝐶𝑀 ) was estimated as (1 hour×the number of patients with Stages 3 and 4 who
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are newly involved in care management)+(0.5 hour×(2S3E+3S4E)). The lower (𝑢𝑢𝑛𝑑𝑒𝑟 ) for the
utilization was set to 0.7. In a similar manner, constraint (9) represents that the maximum utilization
of care manager hours should be at most 1.1 or less. (𝑏max𝑡𝑖𝑚𝑒_𝐶𝑀 ) was estimated as (1 hour×the
number of patients with Stages 3 and 4 who are newly involved in care management)+(0.5
hour×(2S3E+3S4E))+(0.25 hour×(S3E+4S4E)). The upper (𝑢𝑢𝑛𝑑𝑒𝑟 ) bound for the utilization was
set to 1.1. Constraint (10) limits the maximum magnitude of utilization deviations. 𝑏util_𝑒𝑥𝑐𝑒𝑠𝑠 was
determined as 250𝑥2 , which indicates that the total overworking and underworking hours per year
should be less than equal to 250 hours per care manager.
Contrary to constraints (1) – (10), constraints (11) and (12) are abstract constraints that must be
satisfied. Constraint (11) defines the minimum PCPs’ productivity to meet the patient demand for
CKD testing and diagnosis. For 𝑏𝑝𝑡_𝑡𝑒𝑠𝑡 , the value of patient visits for diagnosis to primary care
estimated from the model was used for each scenario. Constraint (12) reserves care managers’ times
in a search for identifying patients who highly need care management but are not yet engaged in it.
This activity is critical to proactively engaging those patients in care, which can delay their disease
progression. It was expected that at least 50% of S3NE and S4NE should be identified and
examined. Based on the assumption that it takes on average an hour to address 10 patients,
𝑏𝑁𝐸_𝑚𝑔𝑚𝑡 was set as 0.1*0.5*(S3NE + S4NE).
Using the goal programming model, staff size was computed for three scenarios and compared with
status quo. Scenarios 1 and 2 were chosen, since the individual intervention considered in the two
scenarios presented the greater impact on the outcomes among four interventions. In addition,
Scenario 8 was chosen to predict the maximum staff capacity required when all the interventions
are implemented. As a baseline, the numbers of PCPs and care managers in status quo were derived.

4.9.2.

Results of goal programming

The model results indicated that the number of PCPs and care managers needed to manage CKD
patients in the PSHMG practices varies by scenario. Figure 4-17 shows the PCP capacity computed
for each of the four scenarios. In 2014, when no intervention is implemented, 16 PCPs are needed
to achieve the four goals. If no change is made to the current system for the next 11 years, the
required PCP capacity increases moderately from 16 to 28 (one physician is added each year) as
the CKD patient population grows. Under Scenarios 1 and 2, the expected number of PCPs is larger
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than under the status quo. As discussed in the simulation results, physician education and team
building interventions contributed to increasing the total CKD population by delaying disease
progression and reducing mortality. To meet the demand of the escalated patient population, PCP
capacity should be expanded accordingly. Compared to the status quo, 3 to 15 additional PCPs
were needed under Scenario 1, and 4 to 13 additional PCPs were needed under Scenario 2. When
all four interventions are implemented in Scenario 8, the expected PCP capacity achieving the goals
incremented significantly, ranging from 20 to 54 PCPs over 11 years. Compared to the status quo,
3 to 28 additional PCPs were needed under Scenario 8, in which the capacity is almost double at a
maximum level.

Figure 4-17. Required PCP capacity estimated from scenarios

Figure 4-18 shows the care manager capacity computed for each of the four scenarios. In 2014,
when no intervention is implemented, only one care manager is needed to meet the four goals,
although the care manager utilization is not fully achieved. The result under the status quo indicated
that care manager capacity does not need to be incremented until 2024. In other words, although
the CKD patient population increases over time, the care manager cannot contribute to assisting
patients with CKD if the patients are not engaged in care management. Note that the main roles of
care managers are associated with helping patients who are involved in care management, while a
part of their time is expected to be spent on identifying patients who need care management and
communicating that list of patients to PCPs. That is, without PCPs’ efforts to engage patients in
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care management or referring patients to care managers, what care managers can do for patients is
minimal. However, the role of care managers becomes significant as the number of patients
engaging in care management increases through physician education and team building
interventions. Under Scenarios 1 and 2, an increasing number of care managers is needed over time
if either of the two interventions is in practice. For Scenario 1, at most 12 care managers are needed;
for Scenario 2, at most 11 care managers are needed. Under Scenario 8, in which all four
interventions are implemented, at most 18 care managers are required to address the enhanced
patient demand. Between 2015 and 2016, the required care manager capacity increased rapidly
from 4 to 8, while the required capacity increased moderately from 1 or 2 during the rest of the
period.

Figure 4-18. Required care manager capacity estimated from scenarios

Some of the results satisfied all four goals, whereas others partially satisfied the goals. All results
achieved the first goal associated to patient access to primary care. With the exception of one case
(Scenario 2 in 2015), the third goal (the maximum CKD patient panel size that PCPs and care
managers are willing to manage) was achieved for all cases. The second goal (cost limitation) was
violated by some cases in Scenarios 1 and 8. The cost consisted of expenses for care managers and
education for PCPs and care managers. Most violations for the cost were attributed to care manager
expenses. The fourth goal (care manager utilization) was violated most frequently by cases
throughout all four scenarios. In this respect, the care manager capacity was further analyzed in
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terms of goal achievement. Figure 4-19 visualizes the results for each scenario with the goal
achievement performance, where the blue bar indicates all goals are achieved, the orange bar
indicates the underutilization of care managers (goal 4 not achieved), and the bar filled with
diagonal patterns indicates excessive costs (goal 2 not achieved). For example, when both goals 2
and 4 are violated, the bar is represented in orange with diagonal patterns.

Figure 4-19. Goal satisfaction by scenarios

When no intervention is implemented (Status Quo), the utilization of a care manager is under the
desired level through the period, except in 2023. When physician education is in place (Scenario
1), the required care manager capacity continues to increase but is not fully utilized during most of
the period. When there are more than 11 care managers, the associated costs exceed the desired
budget. When primary care team building is enhanced (Scenario 2), care manager utilization still
tends to be lower than the desired level, but no violation for costs occurs. When all interventions
are in practice (Scenario 8), care manager utilization tends to achieve the goal for the most of years,
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while the costs of maintaining a care manager group will be higher than the budget set by the
hospital.

4.10. Limitations

This research has several limitations. Since the lack of the quantitative PSHMG data, the SF model
for the PSHMG was developed by adjusting the generic model that used the U.S. national databases
and expert opinions. In the process of scaling down the generic model, some assumptions were
made and the parameters used in the PSHMG based on the assumptions may not represent the
system perfectly. However, the focus of the modeling was to estimate the overall behaviors of the
system when the interventions are in place. Although some values of the simulation parameters
were estimated, the development of the SF model contributed to providing insights into policy and
managerial strategies by testing multiple scenarios and estimating patterns and the extent of the
impacts. Also, the modeling process revealed which data should be collected in order to improve
accuracy.
To define relationships of variables affected by interventions, this research used a semi-quantitative
survey results. The survey data consisted of reference modes with key numerical values. Since there
was no established method to incorporate the survey results into the model as lookup tables, the
values of lookup tables between the given numerical values were estimated in a way that mimics
the reference mode. The use of a more systematic way will overcome this limitation and yield better
results.
A key assumption made in this research was that stakeholders of the system will accept the
interventions and change their behaviors. It was assumed that PCPs and care managers will
participate in the education on the KDOQI guideline as the interventions are rolled out. It was also
assumed that PCPs and nephrologists will cooperate with each other for care coordination no matter
if there is a financial gain or loss. Similar assumptions were made for patients. However, the model
is still meaningful in that it gives a way to understand the dynamics of a system and to formally
assess various policies with different assumptions. In particular, testing a broad range of
assumptions will help the hospital predict different situations from the worst case to the best case.

108

4.11. Discussion and conclusion

This systematic planning and evaluation of interventions is meaningful in several ways. First, the
establishment of a PAG enabled the team to comprehend the needs of patients and their families
for CKD care services. A better understanding of their needs helped ensure that patients remain at
the center of a system when designing and determining a set of interventions. Identifying feedback
loops enabled physicians to quickly understand the complexity of a system for CKD care. Due to
the complexity of healthcare systems, many approaches isolate one part of a healthcare delivery
system rather than looking at the entire system. However, this tendency can impede integrated
improvement that impacts various components in a system. By employing the systems thinking
method, this research overcame the limitations of the perspectives that look at relationships
between variables in a linear fashion and that focus only one part of a system.
The causal loop diagram and the SF model created a synergy. The SF results validated the potential
effects of interventions that were predicted through the causal loop diagram. For example, in the
diagram, intervention 1 (physician education) created loops R1 and B1, where the number of S3
patients increases and the number of S4 patients decreases due to changes in the disease
progression. However, the causal loop diagram modeling did not indicate which loops were
affected greater by the intervention. The simulation results confirmed the direction of the impacts
and explained that intervention 1 had a greater impact on the disease progression for S3 patients.
The SF model could be built without the causal loop diagram. However, with the diagram, the
conceptual accuracy of the SF model was improved and the simulation results were explained based
on causal relationships, which expanded the insights of systems thinking.
This research showed that a multi-criteria optimization model coupled with a SF simulation model
can become an effective tool for planning policies. Goal programming results showed trade-offs of
the four goals associated with resource management. Using the results, hospital managers can
adjust the priorities or goals they want to achieve. For example, they can have a fewer number of
care managers than the numbers shown above to increase the utilization of care managers.
However, the reduction may lead to lower access to primary care for patients with CKD. Hospital
managers can also test different scenarios that assume higher or lower patient visits and demand.
Based on the service levels they aim to provide to patients, the required PCP and care manager
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capacity will change. With the adjusted capacity, subsequent analyses can be performed to
investigate changes in performance measures and service levels using the simulation model.
This research used both soft modeling and hard modeling to represent a real problem in a healthcare
delivery system and to support effective planning for interventions. Hard modeling refers to
traditional quantitative modeling approaches that most engineering studies have used, such as
computer and mathematical modeling. Soft modeling refers to conceptual and contextual
approaches. In this research, a systems thinking approach developing the causal loop diagram can
be considered as soft modeling, and a system dynamics approach and goal programming can be
considered as hard modeling. Through the causal loop diagram, it was possible to represent a
conceptual model of a system for CKD care and to identify key variables. This modeling phase
played an important role in communicating feedback dynamics associated with interventions and
the resulting high-level causal patterns with stakeholders. Through the SF simulation model, it was
possible to quantitatively represent interventions’ potential impacts. The SF model also enabled the
testing of various scenarios. These results enhanced hospital managers’ and physicians’
understanding on the importance of interventions by comparing their different extent of impacts on
patients and a system. The simulation model results were also used as an input for goal
programming that estimated the required number of PCPs and care managers. It was important for
hospital managers to predict the workforce, because the effects of interventions will not be fully
translated into practice if there is not enough capacity to support them. Using a mathematical model
that provides solutions by incorporating conflicting goals and critical constraints, hospital managers
can plan resource management or adjust their service levels based on capacity.
In short, the development and analysis of qualitative and quantitative models have contributed to
evaluating interventions from an integrated perspective, and the results can support hospitals’
informed decision-making for planning and implementing interventions at various phases. The
process of using the methods built upon systems thinking can be transferable to other healthcare
organizations. It will help effective intervention design, evaluation, and implementation by
enhancing stakeholders’ understanding of dynamic interactions among patients, care providers,
processes, and policies.
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Assessment of Performance Measures for Emergency
Departments

5.1. Introduction

Hospitals have traditionally collected performance measures of emergency department (ED)
processes to improve efficiency and quality of care. For example, hospitals evaluate their processes
by comparing a set of ED performance measures to national benchmarks and set targets for
improvement. Performance measures are also used as markers of success for ED’s process
improvement projects.
External healthcare organizations have used performance measures as a medium for pushing EDs
to improve their services. For example, the Joint Commission on Accreditation of Healthcare
Organizations (JCAHO) has included several key time intervals as core quality measures and
required hospitals to report the data (The Joint Commission, 2014). Facilities that do not gather
data or show poor performance risk their accreditation or reimbursements. The Center for Medicare
and Medicaid Services (CMS) working with JCAHO publishes those performance metrics online
so that patients can use the information when choosing hospitals (Centers for Medicare & Medicaid
Services, 2014). These increasing regulatory requirements associated with incentives have forced
EDs to collect and monitor important indicators for efficiency and quality of care (Welch, Asplin,
et al., 2011).
Commonly used ED performance measures are process times and numerical counts or ratio of
patients (Beattie, 2004; Coleman & Nicholl, 2010; Hwang et al., 2011; Welch, Asplin, et al., 2011).
Metrics using process times include the time from ED arrival to the time of seeing a doctor (door
to doctor), the time from ED arrival to the time of being placed in a bed (door to bed), and the time
from ED arrival to departure (length of stay) for discharged and admitted patients. Typical metrics
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using numerical counts of patients include the number of patients in the waiting room, the number
of patients admitted to a hospital, and the rate of patients leaving without being seen. A
comprehensive list of these ED performance measures and their definitions has been well
established by the members of the Performance Measures Summit emergency leaders (Rabin et al.,
2012; Welch, Asplin, et al., 2011; Welch, Stone-Griffith, et al., 2011). Other performance measures
considered important by panels of ED physicians and hospital managers include variations in
process, utilization of resources, and clinical outcomes such as mortality and admission rates
(Coleman & Nicholl, 2010; Lindsay, 2002; Rabin et al., 2012).
Those metrics are important in that they represent the performance of EDs in a quantitative manner.
However, using the disaggregated measures independently imposes several limitations. First, a
simple comparison of the outcomes between different systems can lead to biased conclusions (Pines
et al., 2012). Also, the commonly used ED metrics tend to focus on assessing ED operational
efficiency. In other words, such measurement approaches do not reflect the amount of resources
consumed to produce the outcomes. The lack of information about input levels consumed to achieve
given outcomes makes it difficult for EDs to accurately evaluate the overall efficiency of their
production processes against appropriate counterparts. Despite the importance of inputs for
understanding the efficiency of ED systems, many of the popular ED metrics do not incorporate
them.
Resource utilization is one of the metrics that take inputs into consideration. Hospitals have
measured and used the utilization of resources to evaluate their systems. The interests of CMS and
payers in including utilization as ED metrics have also increased while highlighting the importance
of appropriate and efficient usages of resources (Patient Safety & Quality Healthcare, 2008). In
many cases, the performance of resource utilization has been evaluated and compared by a simple
ratio of an input to an output. Ratio-analysis can be easily adopted to examine different systems
and to determine higher or lower performers compared to a target (or average) level. However, if
there are multiple inputs and outputs, ratio-based analysis can give inconsistent information
(Wagner et al., 2003). Overall, less attention has been given to developing a systemic approach to
ED metrics that allow hospital managers to evaluate the efficiency of converting resources to
outcomes and to compare the efficiency across different systems. Such actionable information is
necessary to setup quality/process improvement program to improve the overall performance of
EDs.
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Data Envelopment Analysis (DEA) can be an effective tool for overcoming the limitations of using
a single outcome measure to evaluate ED efficiency among a set of peer groups. DEA that
incorporates multiple inputs and outputs derives the relative efficiency levels of decision making
units (DMUs). The DEA approach has been widely used to measure the production efficiency of
organizations in nonprofit, for-profit, public, and private sectors. Since the mid-1980s, DEA has
increasingly been applied in the healthcare field to identify the most efficient units among DMUs
and to measure the divergence of the less efficient units from the frontiers (Cooper et al., 2004).

5.2. Research objective

The objective of this research is to develop models that help answer the following research
questions:
1) What is the distribution of the scale efficiency of EDs? How many EDs are operating at the
optimal scale?

2) What is the distribution of the technical efficiency of EDs? How many EDs utilize their
resources at optimal levels?

3) Does ED scale and technical efficiency vary by size (based on patient volume)?

4) What are the significant exogenous factors affecting the technical efficiency of EDs?
This chapter shows how DEA models can capture the technical and scale efficiencies of EDs and
how the findings can be used to improve ED performances. It also shows how a statistical model
can be used to identify factors contributing to ED technical efficiency. The remainder of this chapter
is organized as follows. Methods used in this research are explained in Section 5.3. It is followed
by detailed results of the models in Section 5.4. Limitations of this research are summarized in 5.5.
Finally, discussions and conclusions are presented in Section 5.6.
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5.3. Methods

This is a cross-sectional retrospective study on the efficiency performance of EDs in the U.S. We
analyzed the 2012 Emergency Department Benchmarking Alliance (EDBA) database, which
includes survey data for 976 EDs. The EDBA, a non-profit organization, annually collects
information from EDs across the country and shares the data with its members, including
participating EDs, for benchmarking and performance improvement purposes. The organization
has approved the use of data for this study.
In this study, we employed a two-stage DEA approach in which the efficiency of EDs is estimated
in the first stage using DEA, and the outcomes determined by estimated efficiencies are regressed
to potential covariates. In the first stage, input-oriented DEA models were developed to estimate
the scale and technical efficiency of EDs. In the second stage, an ordinal logistic regression model
was developed to identify factors associated with technical efficiency scores.

5.3.1.

DEA

DEA measures a piecewise frontier and distances to the frontier by optimizing a performance
measure of each DMU (Charnes, Cooper, & Lewin, 1994). For our study, DMUs are EDs that were
included in the EDBA database. The computation of the envelopment surface (efficient frontier)
and distances depends on the type of DEA models. Among various DEA models, this study
deployed the Charnes, Coper, and Rhodes (CCR) model and the Banker, Charnes, and Coper (BCC)
model to investigate the scale and technical efficiency of EDs. The CCR model measures overall
efficiency based on a constant returns-to-scale (CRS) assumption, whereas the BCC model
measures pure technical efficiency based on variable returns-to-scale (VRS). The overall efficiency
estimated by the CCR model may be split into technical efficiency and scale efficiency. In other
words, the nature of technical inefficiencies may be due to the inefficient implementation of the
production plan in converting inputs to outputs (pure technical inefficiency) and/or due to the
divergence of the DMUs from the most productive scale size (scale inefficiency). Decomposing
overall efficiency allows us to gain further insight into the main sources of inefficiencies.
The DEA models may focus on minimizing the use of inputs to produce given outputs (inputoriented) or maximizing the level of outputs using given inputs (output-oriented). This study
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developed input-oriented models for two reasons. First, outputs produced in EDs are often difficult
for ED care providers or hospital managers to control. Second, our interest is to assess how
efficiently EDs utilize critical resources to generate outputs compared with other facilities rather
than to investigate ways to increase the throughput.
Table 5-1 shows the three inputs and four outputs in our DEA models. Inputs included (1)
physicians’ working hours per day, (2) register nurses’ working hours per day, and (3) the number
of ED beds. These inputs were chosen because they are the most critical and expensive ED
resources associated with providing care and because they are most related to the outputs. Outputs
included (1) the number of patient visits per day (PPD) adjusted by patient severity, (2) the number
of electrocardiogram (EKG) procedures per 100 patients, (3) the median ED length of stay (LOS),
and (4) the rate of left without being treated (LWBT). These outputs were chosen because they are
closely related to the utilization of inputs. Patient volume significantly affects care provider
workloads and the utilization of ED beds (Campbell, Taylor, Callaghan, & Shuldham, 1997; Derlet
et al., 2001; Innes, Stenstrom, Grafstein, & Christenson, 2005). Since physician and nurse workload
depends on not only absolute patient numbers but also patient severity, we used adjusted PPD
values that reflect higher acuity patient visits to an ED. A weight for PPD was determined based
on the percent of patients seen with a common procedural terminology (CPT) of 99284, 99285, and
99291, which define higher acuity illness or injuries. The usage rate of EKGs as a diagnostic test
was included as an output because it captures a part of the work performed by care providers
(Gazarian, 2014; Kamijo & Kanda, 2008) and critically ill patients who required continuous
monitoring (Andrews & Nolan, 2006; Zimetbaum & Josephson, 2003). EKG utilization was also
selected as one of the important utilization metrics that EDs should measure and monitor (Welch,
Asplin, et al., 2011). The levels of ED beds and care provider staffing impact ED LOS and LWBT.
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Table 5-1. Inputs and outputs of DEA models

Parameters
x1: Physicians’
working hours
Inputs
(x)

x2:Registered nurses’
working hours

(This does not include work hours of middle-level practitioners and
residents)
Scheduled number of work hours per day of registered nurses
Number of licensed beds contained within the ED including triage

beds

rooms.

y1: Number of

Sum of patients who present to the ED for service and are recognized

patients visits per day

by the institution for one calendar year divided by the number of days

(PPD)

in the year

electrocardiogram
(y)

Scheduled number of work hours per day of physicians

x3: Number of ED

y2: number of
Outputs

Definition

(EKG) procedures
y3: Median length of
stay (LOS) in the ED
y4: Left without being
treated (LWBT) rate

Total number of EKG tests performed on patients in the ED divided by
the number of patients seen (per 100 patients).

Median time that all patients spend in the ED (minutes)
The ratio of the annual number of patients who leave prior to
completion of treatment to the annual number of patients who are
recognized by the ED.

Among the three inputs, the number of ED beds was assumed to be a non-discretionary variable
because ED bed size is usually determined at the hospital level based on strategic planning. That
is, ED managers may not have control over the extent to which bed size is reduced. To incorporate
this non-discretionary input variable, Banker and Morey’s method (Banker & Morey, 1986) was
used to develop the DEA models. We consider N DMU’s indexed by 𝑗 = 1, 2, … , 𝑗0 , … , 𝑁. Inputs
of DMUj are denoted by {𝑥𝑖𝑗 ; 𝑖 = 1,2, … , 𝑚′ , 𝑚′ + 1, … , 𝑀; 𝑗 = 1,2, … 𝑁), where 𝑖 = 1,2, … , 𝑚′ is
discretionary input variables and 𝑖 = 𝑚′ + 1, 𝑚′ + 2, … 𝑀 is non-discretionary input variables.
Outputs of DMUj are denoted by {𝑦𝑟𝑗 ; 𝑟 = 1, 2, … , 𝑅; 𝑗 = 1, 2, … 𝑁). The dual form of inputoriented CCR model that derives overall efficiency can be formulated as
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𝑚

𝑀𝑖𝑛 𝜃0 −

𝜀(∑ 𝑠𝑖−
𝑖=1

𝑅

+ ∑ 𝑠𝑟+ )

(1)

𝑟=1

𝑁

𝑠. 𝑡. ∑ 𝜆𝑗 𝑋𝑖𝑗 + 𝑠𝑖− = 𝜃0 𝑋𝑖𝑗0 (𝑖 = 1, 2, … , 𝑚′ )
𝑗=1

𝑁

∑ 𝜆𝑗 𝑋𝑖𝑗 + 𝑠𝑖− = 𝑋𝑖𝑗0 (𝑖 = 𝑚′ + 1, … 𝑀)
𝑗=1

𝑁

∑ 𝜆𝑗 𝑌𝑟𝑗 − 𝑠𝑟+ = 𝑌𝑟𝑗0 (𝑟 = 1, 2, … , 𝑅)
𝑗=1

𝜆𝑗 ≥ 0 (𝑗 = 1,2, … , 𝑗0 , … 𝑁)
𝑠𝑖− ≥ 0 ; 𝑠𝑟+ ≥ 0 (𝑖 = 1,2, … , 𝑚; 𝑟 = 1,2, . . 𝑅)
where the scalar variable θ0 represents the proportional reduction applied to all discretionary inputs
of the DMU being evaluated (DMU0) to improve efficiency, s+ and s- are slack variables, and ɛ>0
is a small non-Archimedean number (here, ɛ was set to 10-6). Positive slacks may indicate the
possible presence of alternate optima and inefficiency. The term with a non-Archimedean number
in the objective function addresses this problem by maximizing the slacks without altering the θ0
value. A DMUj is efficient if and only if θj=1 and all slacks are zero. For the BCC model that
derives technical efficiency, a convexity constraint ( ∑𝑁
𝑗=1 λ𝑗 = 1) is added to the linear
programming model in (1). The DEA models were solved using the Matlab®. R2014a software
(The MathWorks, USA), and the Matlab code is shown in Appendix F.
Both scale and technical efficiency were further analyzed to understand differences in efficiency
by patient volume. EDs were categorized into three groups – small, medium, and large – based on
annual patient volume. Since the number of EDs varies by group (unbalanced data), a generalized
linear model (GLM) was analyzed to test a null hypothesis that all efficiency score means for three
groups are the same. To address the different group size (number of EDs in each group), we
calculated the least square, adjusted means for the group effect. Also, we ran a series of t-tests that
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compute the probabilities for all pairwise differences. The problems for multiple comparisons were
adjusted using the approximation described in Kramer (1956). The GLM was analyzed using the
SAS system for Windows 9.4 (SAS/STAT® Software, SAS Institute Inc.), and the SAS code is
shown in Appendix G.

5.3.2.

Sensitivity analysis

This research adopted a modified sensitivity analysis suggested by Thompson et al. (Thompson,
Dharmapala, & Thrall, 1994). The authors used solutions on a primal model that satisfy a Strong
Complementary Slackness Condition (SCSC). In the study, data perturbation was computed by
simultaneously and proportionally increasing the inputs of efficient DMUs that have SCSC
solutions (E-SCSC) and by decreasing the inputs of remaining DMUs. Then, by using the SCSC
solutions on a primal model, changes in efficiency scores and classification between efficiency
frontier and non-efficient frontier groups were determined.
The primal problem of input-oriented CCR model is
𝑅

𝑀𝑎𝑥 ∑ 𝜇𝑟 𝑦𝑟𝑜

(2)

𝑟=1

𝑅

𝑀

𝑠. 𝑡. ∑ 𝜇𝑟 𝑦𝑟𝑗 − ∑ 𝑣𝑖 𝑥𝑖𝑗 ≤ 0 (𝑗 = 1, 2, … , 𝑛)
𝑟=1

𝑖=1

𝑀

∑ 𝑣𝑖 𝑥𝑖𝑜 = 1
𝑖=1

𝜇𝑟 , 𝑣𝑖 ≥ 𝜀 > 0
Let ψk denote a vector of solutions of an efficient frontier k, k ∈ E-SCSC, to (2).

ψ𝑘 = [𝜇1 𝑘 , 𝜇2 𝑘 , . . , 𝜇𝑅 𝑘 , 𝑣1 𝑘 , 𝑣2 𝑘 , … 𝑣𝑀 𝑘 ]𝑇
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ψ = {ψ1 , ψ2 , … ψ𝑝 }
where p equals to the number of DMUs in E-SCSC. Then, the output/input function hj can be
expressed as
ℎ𝑗 (ψ) = 𝑓𝑗 (ψ)⁄𝑔𝑗 (ψ), 𝑗 = 1 … 𝑛
where fj(ψ)=μTYj for outputs and gj(ψ)=vTXj for inputs. Let
ℎ𝑤 (ψ) = 𝑚𝑎𝑥𝑗 ℎ𝑗 (ψ)
𝑍𝑗 (ψ) = ℎ𝑗 (ψ)/ ℎ𝑤 (ψ)
where Zj(ψ) is the efficiency of DMUj with respect to the multiplier ψ.
Thompson et al. used Zj(ψ) to assess the sensitivity of a DEA model to simultaneous proportional
changes in all DMUs’ inputs. The inputs of E-SCSC were incremented by a certain rate, while the
inputs of the rest of DMUs were decremented by the same magnitude. Then, the authors analyzed
the sensitivity of the model by observing adjustments in the DMUs of E-SCSC and by computing
changes in the efficiency scores of DMUs.
This research modified the SCSC sensitivity analysis by using a subset of E-SCSC that consists of
high-ranking performers as a reference group for ψ. The rank of efficiency frontiers was determined
by super-efficiency. That is, in order to form ψ, we used the top 10 efficiency frontiers scoring the
highest super-efficiency among DMUj ∈ E-SCSC, instead of using all members of E-SCSC. This
approach may allow us to understand how changes in the data of high-ranking efficient frontiers
affect the efficiency measures of all DMUs.
Let SG (super-efficiency group) denote a set of the top 10 efficiency frontiers.
SG = {DMU𝑗 |𝜃𝑗𝑆𝐸 is within the 10 highest super efficiency (SE) DEA scores}
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Since our DEA model includes a non-discretionary input variable, the primal DEA model shown
in (2) is modified as
𝑅

𝑀

𝑀𝑎𝑥 ∑ 𝜇𝑟 𝑦𝑟𝑜 − ∑ 𝑣𝑖 𝑥𝑖𝑜

(3)

𝑖=𝑚′ +1

𝑟=1

𝑅

𝑀

𝑠. 𝑡. ∑ 𝜇𝑟 𝑦𝑟𝑗 − ∑ 𝑣𝑖 𝑥𝑖𝑗 ≤ 0 (𝑗 = 1, 2, … , 𝑛)
𝑟=1

𝑖=1

𝑚

∑ 𝑣𝑖 𝑥𝑖𝑜 = 1
𝑖=1

𝜇𝑟 , 𝑣𝑖 ≥ 𝜀 > 0
Then, hj(ψ) and Zj(ψ) were computed for all DMUj, j=1,…n, with respect to all ψ, k∈SG. This
procedure was repeated in each iteration where data perturbations to discretionary inputs x1 and x2
were occurred. Similar to Thompson et al.’s approach, we applied proportional changes to all the
discretionary inputs of SG and other DMUs by the same magnitude while introducing increases in
SG and decreases in other DMUs. The data variations ranged from 0% to 30% with a 5% increment
in each iteration.

5.3.3.

Binary logit regression

The technical efficiency of EDs can be influenced by various exogenous factors. This study
classified the potential influential factors into three levels: hospital characteristics, ED
characteristics, and patient population, as shown in Figure 5-1. To investigate which factors are
significantly associated with ED technical efficiency, we performed a two-stage analysis by
developing a binary logit model.
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Figure 5-1. Three levels of exogenous factors

Based on their DEA scores, DMUs can be classified into two groups, efficient group versus nonefficient group. Theoretically, a DMUj is considered efficient if and only if θj=1 and all slacks are
zero. However, DMUs that achieved an efficiency score close to 1 may be efficient enough in
practice. In this respect, the EDs can be divided into the two groups by the measurement equation:
1 if 𝑦𝑗∗ ≥ 𝜏
𝑦𝑗 = {
0 if 𝑦𝑗∗ < 𝜏

(4)

where the latent 𝑦𝑗∗ is EDi’s observed technical efficiency score and τ is the threshold. If 𝑦𝑗∗ crosses
the threshold τ (i.e., if the technical efficiency score of EDj is greater than or equal to τ), then yj=1
(EDj is efficient). In this study, values of τ can vary between (0,1] although too small values would
not be realistic.
The odds of the event are the ratio of the probability of the event occurring (e.g., P(y=1)) to the
probability of event not occurring (e.g., P(y=0)). The log of the odds is referred as logit. A logit
model that describes the logit as a linear relationship with the predictor variables can be modeled
as

𝑙𝑛 [

𝑃(𝑦 = 1|x)
] = x𝜷
1 − 𝑃(𝑦 = 1|x)
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(5)

where x is a vector of observation values for predictor variables, and β is a vector of regression
coefficients to be estimated.
In a binary logit model, the odds are defined as:

Ω(x) =

𝑃(𝑦 = 1|x)
= 𝑒 x𝜷
1 − 𝑃(𝑦 = 1|x)

(6)

Therefore, the effect of a change in predictor variables (x) is determined by the odds ratio as
Ω(𝑋𝑘 + 𝛿)
= 𝑒 𝛽𝑘 𝛿
Ω(𝑋𝑘 )

(7)

In this study, we employed a set of τ values and explored how the relationship between exogenous
variables and technical efficiency changes depending on the threshold (τ). The logit model was
analyzed using the SAS system for Windows 9.4 (SAS/STAT® Software, SAS Institute Inc.), and
the SAS code is shown Appendix H.

5.4. Results

5.4.1.

Descriptive statistics

Of 976 EDs, those including missing data for inputs, outputs, and exogenous factors were excluded.
EDs that had patient volume higher than 100,000 per year or smaller than 20,000 per year were
also excluded under the assumption that the production process of the EDs may differ from the
majority EDs. As a result, 345 EDs were included in the analysis.
Table 5-2 shows a descriptive summary of inputs and outputs used in our DEA models.
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Table 5-2. Descriptive statistics of inputs and outputs

Inputs

Outputs

5.4.2.

Standard

Variables (unit)

Minimum

Median

Maximum

Physician hours (hours)

24

44

342

33.64

Registered Nurse hours (hours)

60

204

1058

139.09

ED Beds (beds)

7

29

140

20.15

Adjusted PPD by CPT (patients)

31.44

130

400.19

75.35

EKG (per 100 patients)

8

29

90

11.53

Median LOS (minutes)

91

173

600

60.63

LWBT (%)

0.2

2

14.6

1.85

deviation

Scale and technical efficiency performance

Figure 5-2 shows DEA score distributions under CRS and VRS assumptions, respectively. Using
the CRS model, 23 EDs were found to be efficient with an efficiency score of 1. The mean of the
DEA scores is 0.7107, and the coefficient of variation (CV) is 0.2188. On the other hand, using the
VRS model, 89 EDs were found to be efficient with an efficiency score of 1. The mean of the VRS
DEA scores is 0.7834, and the CV is 0.2164.

Figure 5-2. DEA score distributions under CRS and VRS assumptions
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Under VRS, a larger number of EDs were found to be efficient, and the mean efficiency score was
higher. This indicates the existence of scale inefficiency in the operation of EDs. As shown in
Figure 5-3, about 67.8% EDs (n=234) were operating at a near-optimal scale between 90% and
100%, about 26.3% EDs (n=91) were operating at 70% to 90% of the optimal scale, and the scale
efficiency of 5.9% EDs (n=20) was less than 70% of the optimal scale.
Overall, the EDs’ technical efficiency was lower than their scale efficiency. Of 345 EDs evaluated
in this study, only 31.6% EDs used inputs at 90% to 100% of optimal levels in order to produce the
outputs. A similar proportion of EDs (31.9%) maintained technical efficiency between 70% and
90%, and a slightly higher proportion of EDs (36.5%) managed technical efficiency less than 70%
of the optimal level.

Figure 5-3. Comparison of scale and technical efficiency scores

5.4.3.

Scale and technical efficiency performance by patient volume groups

In order to investigate differences in efficiency by patient volumes, both scale efficiency and
technical efficiency were compared among ED groups. The largest number of EDs fell under the
medium volume group with an annual patient volume between 40K and 80K, while the smallest
number of EDs fell under the large volume group with an annual patient volume above 80K. Table
5-4 summarizes the summary of 345 ED’s scale and technical efficiency scores. Among the groups,
medium volume EDs operated at the most optimal scale overall (0.96), while scale efficiency was
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lowest for large volume EDs (0.79). On the other hand, medium volume EDs had the lowest
technical efficiency on average (0.71), and small volume EDs showed the highest technical
efficiency performance (0.87). Figure 5-3 shows the different distributions of efficiency scores by
groups.
Table 5-3. Hospital groups by patient annual volume

ED groups
Small volume
(20-40K)
Medium volume
(40-80K)
Large volume
(over 80K)

Number of EDs

Mean of scale efficiency

Mean of technical efficiency

131

0.91

0.87

165

0.96

0.71

49

0.79

0.78

Figure 5-4. Efficiency score distributions by patient volume group
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The GLM results for efficiency scores among groups are shown in Table 5-4. We chose Type III
sum of squares and computed adjusted means for the group effect to address the different number
of EDs in each group. In both scale efficiency and technical efficiency models, the group was
statistically significant at α=0.05. Therefore, we rejected a hypothesis that the three groups’ average
scale or technical efficiency scores are the same. For the scale efficiency model, R2=27.20% and
CV=9.30; for the technical efficiency model, R2=18.55% and CV=19.58.
Table 5-4. Technical efficiency GLM result

Degree of
freedom

Scale
efficiency

Sum of
Squares
(Type III)

Mean
Square

Model

2

0.92

0.46

Error

342

2.47

0.01

Corrected
Total

344

3.39

F value

P-value

63.90

<0.0001

F value

P-value

38.96

<0.0001

R2=27.20%, CV=9.30
Degree of
freedom

Technical
efficiency

Sum of
Squares
(Type III)

Mean
Square

Model

2

1.83

0.92

Error

342

8.05

0.02

Corrected
Total

344

9.88

R2=18.55%, CV=19.58

Next, we performed multiple t-tests to compute the p-values for differences of least-squared means
between groups. If the p-value is less than 0.05, the means of efficiency score of two groups are
significantly different. The pairwise multiple comparisons shown in Table 5-5 indicates that the
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mean efficiency levels achieved by small, medium, and large volume EDs were significantly
different.
Table 5-5. Least squares means for group effect

Scale efficiency
Small

Medium

Large

-

0.0004

<0.0001

Medium

0.0004

-

<0.0001

Large

<0.0001

<0.0001

-

Small

Medium

Large

-

0.023

0.001

Medium

0.023

-

<0.0001

Large

0.0011

<0.0001

-

Small

Technical Efficiency

Small

5.4.4.

Sensitivity of a CRS DEA model to data variations

To determine the top ranked efficiency frontiers, we ran a CRS input-oriented super-efficiency
DEA model. We chose a CRS model because a VRS super-efficiency DEA model can produce
infeasible solutions (Ebadi, 2012). Table 5-6 shows the super-efficiency scores of EDs in the SG
with their rankings.

127

Table 5-6. Highest scored EDs for super-efficient DEA

Ranking

ED id

Super-efficiency score (CRS)

1

314

1.96

2

238

1.71

3

310

1.52

4

345

1.48

5

50

1.47

6

317

1.30

7

240

1.28

8

249

1.16

9

261

1.13

10

72

1.12

ED 314 achieved the highest super-efficiency score of 1.9641. ED 314 is a small volume ED with
24,704 annual patient visits in 2012. During the year, the ED had 15 beds, and its physicians’ and
nurses’ working hours were 24 and 140, respectively. Those inputs yielded 58 EKG procedures per
100 patients, 161 minutes of median LOS, and 1.6% LWBT. The super-efficiency DEA result
indicates that ED 314 can possibly increase the current physicians’ and nurses’ working hours by
a factor of 1.9641 at the maximum while maintaining overall efficiency. On the other hand, ED 72,
10th ranked in super-efficiency DEA scores, is a medium volume ED with 70,000 annual patient
visits in 2012. With 62 ED beds, the ED used 45 hours of physicians and 252 hours of nurses per
day to yield 40 EKG procedures, 321 minutes of median LOS, and 5.3% of LWBT. To remain in
the efficiency frontier, ED 72 can increase the current physicians’ and nurses’ working hours by a
factor of 1.1192 at the maximum.
For 10 EDs in the SG, the primal model in (3) was solved and ψk, hj(ψk) and Zj(ψk) were computed.
Table 5-7 shows an example of the results.
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Table 5-7. Values of ψk, hj(ψk) and Zj(ψk) for a baseline model

ED50

ED 72

ED 238

ED 240

ED 249

ED 261

ED 310

ED 314

ED 317

ED 345

hj(ψ50)

hj(ψ72)

hj(ψ238)

hj(ψ240)

hj(ψ249)

hj(ψ261)

hj(ψ310)

hj(ψ314)

hj(ψ317)

hj(ψ345)

1

0.40

0.15

0.39

0.06

0.04

0.07

0.14

0.20

0.22

0.17

2

0.44

0.38

0.39

0.07

0.04

0.12

0.09

0.10

0.18

0.11

3

0.40

0.31

0.38

0.08

0.07

0.16

0.10

0.10

0.24

0.17

4

0.28

0.47

0.24

0.05

0.03

0.19

0.05

0.06

0.14

0.11

5

0.48

0.45

0.45

0.07

0.06

0.24

0.10

0.13

0.29

0.21

6

0.35

0.14

0.36

0.04

0.05

0.08

0.09

0.11

0.23

0.18

0.35

0.86

0.46

0.40

0.29

0.96

0.44

0.53

0.82

1

ED

….
345

In the baseline model, the top-ranked EDj for each ψk is an ED with j=k. If the sensitivity of a DEA
model is high, the ED as top ranked for each ψk will easily change in response to data variations.
Based on these baseline results, the DEA model in (3) was run six times with a different amount of
variation in the input values in each iteration. Table 5-8 summarizes the model results including
changes in the top ranked EDs for ψk, changes of efficiency status between efficiency frontiers (E)
and inefficient DMUs (N), and the overall average CRS DEA scores.
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Table 5-8. Summary results of iterative sensitivity analysis

Iteration 1

Iteration 2

Iteration 3

Iteration 4

Iteration 5

Iteration 6

(5%)

(10%)

(15%)

(20%)

(25%)

(30%)

50

UC

UC

UC

UC

226

58

72

UC

173

116

173

287

173

238

UC

UC

UC

UC

UC

UC

240

UC

UC

UC

UC

UC

153

249

UC

UC

UC

UC

UC

UC

261

UC

UC

297

287

297

287

310

UC

UC

UC

UC

UC

UC

314

UC

UC

UC

UC

UC

UC

317

UC

UC

UC

UC

UC

UC

345

UC

UC

UC

UC

339

283

0

0

1

2

2

4

5

0

15

16

18

19

19

19

211

307

307

306

305

307

308

23

38

38

39

40

38

37

0.7107

0.7534

0.7667

0.7672

0.7669

0.7661

0.7651

Baseline

EDs as
top ranked
for ψk

# of EDs
(EN)
# of EDs
(NE)
Total # of
EDs in N
Total # of
EDs in E
Avg. DEA
scores
(CRS)

*UC: unchanged; (j) indicates that a top ranked hj for ψk is switched to EDj.
Table 5-8 demonstrated that DEA results tend to be robust for data perturbations in super-efficient
EDs. With a 5% input increase, all EDs in SG remained as top ranked for each ψ. The number of
EDs replaced as top ranked for ψ increased as an input increment percentage became higher.
However, overall those changes were moderate until the inputs of EDs in SG increased by 30% and
the inputs of other EDs decreased by 30%. Of 10 EDs in SG, 5 EDs (238, 249, 310, 314, 317)
remained stable to all ranges of input changes from 0% to 30%.
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The changes in ED classifications as E or N also tended to be stable. For a 5% variation in two
input variables, 15 EDs (4.34%) became efficiency frontiers while no ED was moved from E to N.
The degree of changes was the highest from the baseline to 5% increases, and the changes in ED
classifications in terms of efficiency levels were insignificant for additional variations in input data.
The number of efficiency frontiers increased by a 20% variation in input data, but they tended to
decrease for greater amounts of variations. The average DEA scores slightly increased by a 15%
variation in input data, but the degree of changes among the iterations was not significant.

5.4.5.

Impact of significant exogenous factors

The sensitivity analysis results confirmed the robustness of our DEA model. Therefore, the DEA
results can be used as a basis of an additional analysis. We performed the binary logit model in
equation (5) with eight independent variables (shown in Figure 5-1) representing hospital
characteristics, ED characteristics, and patient population. Table 5-9 shows the variables with the
value levels or ranges used in the model.
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Table 5-9. Predictor variables in the ordinal logistic regression

Variable names

Values in a model
1=Urban, suburban area

Location

0=Rural area
1=Academic hospital

Type

0=Non-academic hospital
1=Trauma level I, II

Trauma

0=Otherwise
1=Fast track

Fast track

0=No fast track
1=Physician triage model

Triage

0=nurse triage model

Admission

[0, 1]

EMS arrival

[0, 1]

Pediatric_patients

[0, 1]

Location and Type are frequently used hospital classifiers. Location represents hospitals’
geographic locations. In the EDBA data, hospital locations were reported as three categories: urban,
suburban, and rural areas. We combined urban and suburban hospitals as one group because there
was no significant difference in efficiency distributions between the two groups (Mann-Whitney
test, p-value=0.7688). Type represents hospitals’ status as a training center or non-training center.
Trauma represents EDs’ capabilities to provide comprehensive trauma service. Trauma centers are
designated as levels 1 through 5 based on resources available in EDs and the number of patients
admitted yearly, with level 1 centers providing the most comprehensive level of care (American
Trauma Society, 2014). To address one component of ED complexity, we set EDs with trauma
level I and II as one group and others as another group. A fast track represents a separate unit in
the ED for non-life threatening emergency care. The unit has been increasingly adopted in EDs to
improve patient throughput (Quattrini & Swan, 2011). Triage represents an intake model used in
the ED. Traditionally, patients have been triaged by nurses and were routed into different paths
based on their acuity levels. More recently, a growing number of EDs have adopted advanced
arrival processes with varied methodologies, generally described a ‘physician in triage’ model
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where physicians or middle-level practitioners are used at arrival in various roles (Welch &
Davidson, 2010). Admission is the percentage of patients seen in the ED and then placed in an
inpatient area of the hospital. EMS arrival is the percentage of patients arrived in an ambulance.
Pediatric_patients is the percentage of patients seen in the ED under age 18.
As shown in equation (4), the dichotomous response variable y of an ED can vary by the cut-point
(τ). In this research, the logit model was analyzed with five different τ values. Table 5-10
summarizes the frequencies of the binary response variable with different thresholds.
Table 5-10. Models with different threshold (τ)

Frequency of the response

Model

Threshold (τ)

1

1

N(y=1)=89, N(y=0)=256

2

0.95

N(y=1)=100, N(y=0)=245

3

0.90

N(y=1)=109, N(y=0)=236

4

0.85

N(y=1)=124, N(y=0)=221

5

0.80

N(y=1)=147, N(y=0)=198

variable

For each of the five models, a subset of significant predictors was estimated at α=0.05. Table 5-11
summarizes the output of Model 1 with τ=1, including coefficients computed from maximum
likelihood estimations, degree of freedom, their standard errors, the Wald chi-square test,
associated p-values, and odds ratios with the 95% confidence interval. Among 8 independent
variables, only two variables were significant: location and fast track. Note that a coefficient (βi)
in Table 12 represents a change in the logit (the log of the odds that an event occurs) for a unit
change in xi, holding all other variables constant. The coefficient for EDs in urban and suburban is
negative (-0.92) and its odds are less than one (0.39). This result means that the odds of EDs located
in urban and suburban areas being efficient are decreased by a factor of 0.39, holding all other
variables constant. In other words, compared to EDs located in rural areas, the odds of urban and
suburban EDs achieving a technical efficiency decreases by 61%, holding all other variables
constant. For EDs with a fast track, the odds of being efficient are 0.59, given all other variables in
the model are held constant. That is, the odds of achieving technical efficiency are expected to
decrease by 41% if EDs have a fast track.
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Table 5-11. Output of logit Model 1

Parameter

P-value

0.65

0.01

0.90

1

0.31

8.46

0.00

0.39 [0.21, 0.73]

0.03

1

0.33

0.01

0.90

1.0 [0.54, 1.99]

-0.41

1

0.36

1.32

0.25

0.65 [0.32, 1.34]

-0.52

1

0.27

3.55

0.05

0.59 [0.34, 1.02]

-0.31

1

0.31

0.96

0.32

0.73 [0.39, 1.36]

Admission

0.80

1

2.47

0.10

0.74

2.24 [0.01, 288]

EMS_arrival

0.05

1

2.37

0.00

0.98

1.05 [0.01, 111]

0.57

1

1.73

0.10

0.74

1.77 [0.05, 53.63]

Location
(1 vs 0)
Type
(1 vs 0)
Trauma
(1 vs 0)
FastTrack
(1 vs 0)
Triage
(1 vs 0)

Pediatric_
patients

DF

-0.07

1

-0.92

Standard

Chi-Square

Intercept

Estimate

Error

Odds ratio

*: significant at α=0.05
Similar analyses can be provided for the other four models with the various τ values. However, we
sought to assess if different threshold affects a set of significant predictors and the direction of their
impacts. If small changes in τ leads to significant changes in the predictors and their overall effects,
the logit model is not robust. Table 5-12 summarizes the results of the five models with respect to
significant predictors, their odds ratio, and the direction of impacts. If direction is +, a change in a
predictor variable (a unit increase for continuous variables, and a change versus a reference group
for categorical variables) increases the odds of being efficient. Note that for all five models a
hypothesis that all coefficients are zero was rejected based on the Likelihood-Ratio statistics from
the maximum likelihood iterations. That is, each of the models was statistically significant.
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Table 5-12. Summary of the five logit models

Significant

Estimate

Standar

Chi-

factors (α=0.05)

(β)

d error

square

Model 1

Location

-0.92

0.31

(τ=1)

FastTrack

-0.52

Model 2

Location

(τ=0.95)

Odds ratio

Direction

8.46

0.39 [0.21, 0.73]

-

0.27

3.55

0.59 [0.34, 1.02]

-

-0.70

0.31

5.02

0.49 [0.26, 0.91]

-

FastTrack

-0.69

0.26

6.94

0.49 [0.29, 0.83]

-

Model 3

Location

-0.65

0.31

4.35

0.51 [0.28, 0.96]

-

(τ=0.90)

FastTrack

-0.83

0.26

10.15

0.43 [0.26, 0.72]

-

Trauma

-0.63

0.33

3.65

0.52 [0.27, 1.01]

-

Model 4

FastTrack

-0.84

0.25

10.50

0.43 [0.26, 0.71]

-

(τ=0.85)

Admission

4.61

2.32

3.96

101.22 [1.07, >999]

+

EMS_arrival

-5.17

2.24

5.31

0.006 [0, 0.46]

-

Model 5

Trauma

-0.71

0.31

0.31

0.49 [0.26, 0.91]

-

(τ=0.80)

FastTrack

-0.88

0.25

11.97

0.41 [0.24, 0.68]

-

The results showed that the changes in τ between 1 and 0.90 did not alter significant factors
(Location and FastTrack) although their odds ratio slightly changed. As τ decreases, the odds ratio
of Location increases while the odds ratio of FastTrack decreases. A decrease of τ from 0.90 to
0.85 led to changes in the significant factors except FastTrack. In addition to FastTrack, three
additional factors – Trauma, Admission, and EMS_arrival – had significant effects on technical
efficiencies of EDs. When τ is further decreased from 0.85 to 0.80, Admission and EMS_arrival
were not significant any more while Trauma and FastTrack were still significant.
From the analysis, we can conclude that overall three variables – Location, FastTrack, and Trauma
– are strongly associated with the ED technical efficiency. Among them, FastTrack showed the
most consistent result in that the variable was significant through the five models. The directions
of the three factors were consistent although τ changes. This results confirmed the robustness of
the logit model.
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5.5. Limitations

This DEA research had several limitations. According to the EDBA report, the data on working
hours of physicians and registered nurses underrepresented actual worked hours because it did not
incorporate other elements such as administrative hours, leave hours, and over time. Therefore, the
efficiency levels obtained from this data may be considered as an upper bound that EDs can achieve
using only the scheduled staff hours.
The physicians’ working hours did not include those of middle-level practitioners and residents.
This might have led to no difference in the efficiency between academic and non-academic EDs.
The output PPD was adjusted by the CPT because the utilization of resources depends more on the
nature of care needed for patients with different severity levels than on the absolute patient numbers.
However, the CPT may not be the best proxy to representing the overall severity of patient
population that EDs served. A more comprehensive analysis on patient case-mix and acuity levels
may provide better results.

5.6. Discussion and conclusion

Widely used ED performance measures, such as time intervals and the number of patients in a
certain process, do not provide a clear means to determine how efficiently key resources are used
to yield outcomes of interest. The measures also have limitations when used as a tool for comparing
different systems and for supporting EDs to set reasonable goals in order to become competitive
with their peer groups. This study proposed a DEA model to develop an aggregated measure that
captures both inputs and outputs and evaluates production function efficiency for converting the
inputs to outputs.
Many studies in healthcare have applied DEA to examine the efficiencies of hospitals, nursing
homes, physicians, and health maintenance organizations (O’Neill, Rauner, Heidenberger, & Kraus,
2008). However, a review of existing literature indicated that no study has used DEA to investigate
ED efficiency. To our best knowledge, this is the first study that examines scale and technical
efficiencies of a large number of EDs.
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The results of the CRS DEA model indicated that the overall efficiency of 345 EDs included in this
study was moderate. The overall efficiency scores were nearly normally distributed with an average
DEA score of 0.7107. The comparison between CRS and VRS DEA models enabled us to
decompose between scale efficiency and technical efficiency. We identified that inefficiencies are
more attributed to technical inefficiencies than to scale inefficiencies. The results imply that many
EDs may not need to modify the size of their operations to improve efficiency. Instead, they may
need to focus on identifying processes that utilize inputs inefficiently and on redesigning these
processes to increase efficiency.
Many studies have shown that patient volume affects EDs’ operational performances. Our analysis,
which compared efficiency between three ED groups, revealed that patient volume also
significantly influences scale and technical efficiencies. In terms of scale efficiency, medium
patient volume EDs performed the best among the groups, in that the average scores were the
highest and the score variations were the lowest. On the other hand, large volume EDs achieved
the lowest average scale score with the highest variation. The results are reasonable, since spaces
in large EDs are likely to be underutilized due to their large scale and spaces in small EDs are likely
to be underutilized because of fewer patient visits. A large size ED that is beyond a point where
economies of scale may not work could have worsened overall efficiency. In terms of technical
efficiency, medium volume EDs showed the lowest average score, while small volume EDs
achieved the highest average score. This result was consistent with our initial hypothesis that small
EDs may be more efficient than larger EDs because many of them are located in rural areas and
mainly serve as critical access. However, the result of medium volume EDs was different from our
initial hypothesis because we assumed that high competition among the medium sized EDs would
force them to be efficient. The impact of patient volume on ED technical efficiency was similar to
the impact of patient volume on hospital technical efficiency (Kerr et al., 1999). However, to
understand the main causes of high inefficiency in medium volume EDs, additional investigation
is required.
The second stage analysis on DEA results accounted for exogenous factors that impact the technical
efficiency of EDs. Controlling patient population characteristics and ED characteristics, EDs in
rural areas had a higher chance of achieving better technical efficiency scores compared to EDs in
suburban and urban areas. The rationale behind this may be similar to the explanation for the
favorable condition for small volume EDs. EDs providing comprehensive trauma services were
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found to be in less favorable condition to achieve technical efficiency when compared to other EDs.
Practically, this result makes sense because Trauma I or II EDs require additional resources to treat
patients in severe conditions. To fully take the resource intensity of the trauma EDs into account,
we would need a better proxy for patient mix and their acuity levels. Lastly, the logit regression
model results indicated that a fast-track design did not help EDs to increase the probability of them
being more efficient. This was an unexpected consequence since many studies have shown the
effectiveness of a fast track for improving ED performance measures and patient flow. The result
may imply that the improved efficiency attained by opening a fast track was not enough to offset
the amount of inputs consumed for the outcome. This analysis also highlights the importance of
assessing ED efficiency from an integrated perspective to accurately understand a system-wide
impact of interventions.
Single performance metrics that measure service timeliness of services can play a role in evaluating
efficiency within an ED. However, to understand ED performance among competitors, a better
metric is required. This study provided a mechanism to quantify the overall and technical efficiency
of EDs using DEA models and statistical methods. The significant variations in both efficiencies
highlight the potential for cost-savings and quality enhancement through redesigning processes.
Hospitals and policy makers can use this framework to understand a production function for the
delivery of healthcare resources, identify sources of inefficiencies and reference groups, and set
appropriate goals to improve efficiency. This approach can also help reimbursement policies and
incentive programs include fairer and more integrated metrics to better capture ED performance
and to facilitate healthcare delivery improvement activities.
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Conclusion

Emergency departments (ED) and primary care play pivotal roles in the U.S. healthcare system. As
a safety net for the U.S. population, EDs provide acute ambulatory care and serve as an increasingly
important entry point to inpatient care (Morganti et al., 2013). As the backbone of the nation’s
healthcare system, primary care promotes population health by providing preventive care, acute
care, and managed care for chronic illnesses (Starfield, Shi, & Macinko, 2005). Appropriate
healthcare performance measurement is crucial to manage and control these care systems because
it helps providers and regulators set measurable goals and keep track of progress. Despite the crucial
role of these two care settings in our healthcare system, EDs and primary care are in a grave state
– seriously crowded and fragmented. Also, performance measurement of the U.S. healthcare
system remains disintegrated, which at present makes improvement of performance in these critical
settings difficult at best.
In response, significant efforts have been made to improve the problems facing EDs and primary
care. Hospitals have developed initiatives that change patient and staff workflow to alleviate ED
crowding. A new approach for delivering care, the Patient-centered Medical Home (PCMH), has
gained support as an innovative approach for improving primary care. The Affordable Care Act
(ACA) is expected to accelerate the improvement of these care settings by enhancing primary care
and reducing pressure on EDs. Furthermore, a growing attention has focused on establishing
standardized measures and understanding the overall performance of a system instead of viewing
the systems in pieces. However, many of the needs that drove these attempts to improve these
challenges still remain unfulfilled. The limited success of these improvement efforts is probably
because many of the approaches have focused on optimizing sub-systems in isolation.
Every year, the U.S. healthcare system becomes more complex and increasingly fragmented. To
improve the system, understanding its complexity and bridging the gaps within it are the keys. One
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major goal of this research was to propose innovative solutions that address these improvement
needs and to develop models that integrate systems engineering methodologies to analyze the
solutions from a holistic perspective.
Another important goal of this research was to lay the groundwork for translational research that
promotes the implementation of innovative solutions for an efficient and integrated healthcare
system. Although a growing number of studies have applied various engineering methods to
address healthcare issues, findings and solutions obtained from those studies have not been fully
translated in practice. Multi-disciplinary research coupled with the effective use of system analytics
methods will contribute to facilitating the translation.
Overall this research contributed to the following outcomes:


Better understanding of current gaps in the healthcare system



Better identification of potential innovative solutions



Better prediction of impacts of solutions on the whole system



Better communication among stakeholders with different understandings of healthcare
system problems

The composite of these outcomes will serve as a strong basis for re-designing and re-structuring
the current healthcare system for efficient, effective, integrated care.
The remainder of this dissertation is organized as follows. Major findings and implications of each
of the three main topics are discussed in Sections 6.1 through 6.3. The limitations of this research
is summarized in Section 6.4. Finally, possible extensions to this dissertation and advanced research
ideas are discussed in Section 6.5.

6.1. Patient Flow in the Emergency Department

Substantial research has focused on arrival and departure processes of EDs to address ED crowding
issues. However, a review of existing literature indicates that rigorous investigation of the process
of admitting patients in the ED and its impact on patient flow has been largely overlooked. The
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objective of this chapter was to build a better understanding of admission process policies (APPs)
and to investigate the systemic effect of APPs on patient flow in the ED.

6.1.1.

Review of major findings

We surveyed an advisory panel group that consisted of eight physicians in the ED and internal
medicine to comprehensively assess admission process policies (APPs). They described admission
processes of hospitals that they have experienced and evaluated critical to quality (CTQ) factors
that were associated with the processes. The survey showed that many healthcare providers have
designated two models for admission processes based on the department that makes a final decision:
a consultation model and an emergency medicine (EM) decision model. However, additional
meetings with physicians and exploration of the literature indicated that the medical experience of
the decision makers can also affect the efficiency of an admission process. Accordingly, we
classified various APPs into four types based on who was responsible for making the admission
decision. Types 1 and 2 are consultation models in which EM physicians request consults for
potential admitting services and hand over admission decisions to the physicians on the admitting
service. The final admission decision takes place when an admitting physician or physician group
actually comes and examines a patient in the ED. On the other hand, Types 3 and 4 are EM decision
models that empower ED physicians to determine admissions.
We used discrete-event simulation (DES) to effectively model patient flow between the ED and an
inpatient ward and to assess the impacts of various APPs on patient flow. Six simulation models
were developed to represent four APPs that were defined in this study (Types 1 to 4) and two hybrid
types of the four APPs (Triage Attending Consultation (TAC) and Remote Collaborative
Consultation (RCC)).
The results from a case study at the Penn State Hershey Medical Center (PSHMC) showed that the
alternative APPs were all effective in reducing the length of stay (LOS) of admitted patients by 14%
to 16% compared to the current admission process policy. In practical terms, patients may on
average spend 1.4 to 2.5 hours fewer in the ED before being admitted to internal medicine under a
new admission process policy. The simulation results also showed that the improved flow of
admitted patients decreased both the ED LOS of discharged patients and the overall LOS by up to
5% and 6.4%, respectively.
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From the simulation results, we showed that changes made in the model did not yield results in a
linear fashion because of the interrelated actors and processes of a system and the stochastic nature
of the system. Similarly, the simulation results indicated that eliminating the consult process is not
a simple solution for an efficient admission process. The analysis based on simulation modeling
enabled this research to present a better understanding of dynamic characteristics of patient flow
and the effect of APPs that may be difficult to measure by observational studies or mathematical
equations.

6.1.2.

Implications

An admission process from an ED to inpatient wards is complex because it involves various
decision makers and procedures. It is also complex to comprehend the overall effects of an
admission process on patient flow because different hospitals have different processes. This
research addressed these complications by classifying APPs into four types and outlining their
benefits and limitations. This mechanism of decomposition and rearrangement provides a better
understanding of the admission process itself and becomes a basis for identifying opportunities to
improve patient flow.
Since EDs do not exist in isolation, the impact of APPs on a system should be examined from an
integrated point of view. Although an ED admission involves only admitted patients, the analysis
of APPs should account for both discharged and admitted patients because their flows affect each
other. To better incorporate these points of view, this research integrated the workflow of the two
departments and analyzed changes in flow for both patient groups. This integrated modeling and
analysis can support hospitals for determining policies that better manage and control their APPs,
thus contributing to improving the overall performance of EDs and hospitals as a whole.
Under the circumstance that the proportion of inpatient admissions through ED rises, the need for
an efficient patient flow in the ED is crucial. This research demonstrated the potential value of
leveraging admission process polices and developing a framework for pursuing these polices. A
small change in procedures can lead to a substantial reduction in LOS, which affects patient
satisfaction and staff workflow. Given the current emphasis on cost-effective solutions that improve
patient flow, it is notable that changing the APP does not require additional resources.
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6.2. Care coordination to improve chronic kidney disease (CKD)

A strong primary care system and care coordination between different care settings are imperative
to deliver high-quality CKD care. However, multiple barriers have impeded the provision of
optimal care for CKD. This interdisciplinary research arose in response to the need to improve
CKD outcomes. The objective of the research was to transform the current healthcare delivery
system into a PCMH for CKD care. As a starting point, this study aimed to enhance the
understanding of a complex system for CKD care and support prospective planning and evaluation
of interventions that can help delay and prevent the disease progression to end-stage renal disease
(ESRD). An effective planning of these interventions based on a comprehensive recognition of
their potential impact will contribute to a successful transformation.

6.2.1.

A review of major findings

This study was conducted in four phases for intervention design, qualitative and quantitative
intervention evaluation, and resource management planning. In the first phase, the focus group
interviews with patients and care providers revealed several challenges to a patient journey and
care provision for those with CKD from different perspectives. Based on the findings from the
interviews, the following four interventions (I-1 to I-4) were identified for further assessment:
I-1) Education and implementation of the adapted Kidney Disease Outcomes Quality Initiative
(KDOQI) guidelines for PCPs.
I-2) Education and implementation of the adapted KDOQI guidelines for care managers.
I-3) Enhancement of PCPs’ awareness of care managers’ role.
I-4) Care coordination between PCPs and nephrologists, including early referrals to nephrology
care.
In the next phase, dynamic effects of the proposed interventions were analyzed using a systems
thinking approach. In particular, a causal loop diagram was developed to model the interactions
among components of the system, to represent how the interactions form feedback structures, and
to understand the dynamic behaviors that emerge from the feedback processes. The analysis of the
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feedback loops uncovered various emerging behaviors arising from the coupled dynamics of
interventions and other components of a system. This modeling facilitated discussions about the
care system and interventions between the stakeholders.
In the third phase, a stock-flow (SF) model was developed to quantitatively estimate the impact of
interventions on the Penn State Hershey Medical Group (PSHMG) for CKD care. Due to the lack
of PSHMG data, a generic model was first developed based on various sources of data including
national databases, and the model was scaled down to represent the PSHMG system. Eight
scenarios were designed based on the four proposed interventions, and simulation models were
built for each scenario. With the models, the potential effects of interventions were evaluated with
respect to disease progression and the size of the patient populations with Stages 3 and 4 CKD.
The simulation results indicated that physician education (intervention 1) had the largest effect on
Stages 3 and 4 CKD patients in terms of the two performance measures, while the effects were
greater for the Stage 3 patient population. In the model, primary care team building (intervention
2) also substantially affected both Stages 3 and 4 patients. When primary care team building
(intervention 2) was implemented with physician education (intervention 1), its effects on the
disease progression were significantly augmented. Care manager education (intervention 3) had a
minimal impact on Stages 3 and 4 patients when it was the only intervention implemented in the
model. However, simulation results showed that the intervention had considerable effects on the
disease progression when care manager education (intervention 3) was coupled with physician
education (intervention 1) and primary care team building (intervention 2). In particular, the joint
interventions had the greatest effects on Stage 3 patients among the interventions and their
combinations. Care coordination between primary care and nephrology care (intervention 4) had a
substantial effect on Stage 4 patients in the model. The impact of care coordination was especially
critical with respect to reductions in the disease progression rate of Stage 4 patients who engage in
care management. When coupled with physician education (intervention 1) and care team building
(intervention 2), care coordination (intervention 4) exerted a strong influence on Stage 4 patients
by most decreasing the disease progression rates to ESRD.
The simulation results were analyzed under the assumption that PCPs and care managers are fully
available to serve the patient population. In the final phase, the number of PCPs and care managers
for CKD care that meets the patient demand assumption was predicted using a multi-criteria

144

optimization model. Given four preemptive goals, the model results indicated that the number of
PCPs and care managers needed to manage CKD patients in the PSHMG practices varies by
scenario. If no change is made to the current system for the next 11 years, the required PCP capacity
increased moderately from 16 to 28 (one physician is added each year) as the CKD patient
population grows. Under Scenarios 1 and 2, the expected number of PCPs was larger than under
the status quo to address the escalated patient demands. When all four interventions are
implemented in Scenario 8, the expected PCP capacity achieving the four goals incremented
significantly, ranging from 20 to 54 PCPs over 11 years.
The optimization model results also indicated that when no intervention was implemented, only
one manager would be needed to meet the four goals, while the utilization was low. Under
Scenarios 1 and 2, an increasing number of managers was needed over time if either of the two
interventions was considered. Under Scenario 8, in which all four interventions are implemented,
at most 18 managers were required to address the enhanced patient demand. These results were
further investigated to discern the extent of goal achievements.

6.2.2.

Implications

This study showed how the combination of qualitative and quantitative modeling can be used to
decompose system complexity and to holistically analyze a system. The causal loop diagram helped
identify feedback loops arising from system changes, which allowed us to capture complex mental
models of the stakeholders and to understand complicated interrelationships of factors. The impacts
of feedback loops were analyzed from a systems perspective in the SF model. Compared to existing
studies focusing on the linear impact of interventions on a specific patient population, this study
investigated long-term effects of interventions on patients, care providers, and two major systems
(primary care and nephrology care) for CKD care. This holistic approach can enhance stakeholders’
understanding on the importance of interventions and promote informed planning and management
of the interventions.
The SF simulation results emphasized the role of PCPs in care for CKD patients. Among server
proposed interventions, improved PCPs’ knowledge on CKD care guidelines was expected to have
the greatest impact on delaying CKD progression to advanced stages for both Stage 3 and Stage 4
patients. Care coordination between primary care and nephrology care showed a substantial effect
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on Stage 4 patients. The simulation analysis also indicated that the influence of other interventions
becomes stronger when they are coupled with physician education. The results imply that
investments in education will contribute to establishing a basis for developing coordinated care in
collaboration with care managers and nephrologists, which will eventually improve patient
outcomes. Based on these potential impacts, hospital managers can prioritize the interventions if
only a subset of the interventions can be implemented due to cost or other constraints.
This study also showed that a multi-criteria optimization model coupled with a SF simulation model
can become an effective tool for planning policy and supporting management decision-making.
Goal programming results showed trade-offs of the four goals associated with patients’ access to
care and resource management. Using the results, hospital managers can adjust the goals they want
to achieve, and they can perform subsequent analysis to predict how the adjusted goals would affect
the system.

6.3. Assessment of performance measures for emergency departments

Hospitals have collected and assessed performance measures of ED processes to encourage
continuous improvement. External healthcare organizations have used performance measures as a
medium for pushing EDs to advance their services. Despite the important role of ED performance
measurement, commonly used metrics remain disaggregated and are not standardized. The
widespread use of those metrics makes it difficult to understand the overall system performance
and to compare performance between different organizations. The objective of this research was
two-fold: 1) to develop an aggregated performance measure that enables benchmarking EDs and
capturing the overall performance of EDs with respect to technical and scale efficiencies, 2) to
investigate significant exogenous factors affecting the technical efficiency of EDs. To our best
knowledge, this is the first study that examines the scale and technical efficiencies of a large number
of EDs.

6.3.1.

A review of major findings

This study used a data envelopment analysis (DEA) method that involves multiple inputs and
outputs and derives efficiency scores for individual decision making units. We used a two-stage
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DEA approach in which the efficiency of EDs was estimated in the first stage using DEA, and the
outcomes determined by estimated efficiencies were regressed to potential covariates. In the first
stage, an input-oriented constant returns-to-scale (CRS) model and an input-oriented variable
returns-to-scale (VRS) model were formulated. Incorporating three inputs and four outputs, the
DEA models were solved to compute scale and technical efficiencies for 345 EDs.
The DEA results showed that the mean of the scale efficiency scores was 0.91, in which 23 EDs
were found to be efficient, with an efficiency score of 1, and 234 EDs achieved an efficiency score
greater than 0.9. The mean of the technical efficiency scores was 0.78, in which 89 EDs were found
to be efficient, with an efficiency score of 1, and 109 EDs achieved an efficiency score greater than
0.9. These results indicated that many EDs may need to focus their efforts on re-engineering their
processes to utilize key inputs more efficiently rather than modifying the size of their operations to
improve overall efficiency.
Both scale and technical efficiency were further analyzed to understand differences in efficiency
by patient volume. The results of a generalized linear model (GLM) and pairwise multiple
comparisons concluded that the scale and technical efficiencies among the small, medium, and
large groups are statistically different. In other words, the analysis showed that patient volume is
closely associated with scale and technical efficiencies. Among the groups, medium patient volume
EDs performed the best in terms of scale efficiency, but those EDs performed the least in terms of
technical efficiency. Overall, small patient volume EDs performed better compared to large patient
volume EDs.
In the second phase, a binary logit model was developed to identify exogenous variables that
significantly affect technical efficiency scores of the EDs. In particular, the analysis was performed
for five models that employed five different thresholds (τ) for the dichotomous response variable.
If the technical efficiency score of an EDj is greater than or equal to τ, then its response variable is
equal to 1 (yj=1). Otherwise, yj=0. The results showed that when τ is between 1 and 0.90, the
significant factors remained the same – Location and FastTrack – although the extent of the effects
of the variables varied depending on τ. When τ is 0.85, the significant factors altered, except
FastTrack. With FastTrack, three additional factors – Trauma, Admission, and EMS_arrival –
showed significant effects on EDs’ technical efficiencies. When τ is 0.80, only Trauma and
FastTrack were still significant. From the analysis, we can conclude that overall three variables –
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Location, FastTrack, and Trauma – are strongly associated with the ED technical efficiency.
Among them, FastTrack showed the most consistent result in that the variable was significant
through the five models. The directions of the three factors were consistent, although τ changes.
These results confirmed the robustness of the logit model.

6.3.2.

Implications

This study proposed an integrated performance measurement that includes multiple inputs and
outputs. This integrated metric has a great potential for facilitating improvement in that it helps
identify performance leaders, assess the deviations from the top performers, and uncover sources
of inefficiency. The current variations in both technical and scale efficiencies for the large set of
EDs imply the potential for cost-savings and quality enhancement through redesigning processes.
Also, hospitals can use these models as benchmarking tools, and the findings can serve as a platform
to redesign EDs with respect to critical hospital resources for performance improvement.
In the DEA analysis, on average technical efficiency of medium size hospitals appeared to the
lowest among the groups. Medium size hospitals are in the transition stages, growing from lower
volumes and attempting to manage growing ED volume. The addition of staff may lead to
additional variability and if not overtly ties to advancing processes, may lead to technical
inefficiency. Increased ED volume may also lead to increased admissions and increased boarding
of patients in the ED awaiting admission, if the hospital does not expand hospital bed availability.
These transitions to medium volume may require advanced thinking in the ED for process
innovation as well as prospective physical plant expansion in both the hospital and the ED.
The binary logit analysis indicated that Location was one of the major factors affecting technical
efficiency and that rural hospitals are more likely to have more efficient use of resources than urban
or suburban facilities. One possible explanation is variability. Higher volumes are exposed to higher
variability, which can cause an increase in waste. Therefore, with higher volumes in general in the
urban and suburban facilities, there may be less efficient use of resources.
The logit analysis also indicated that EDs with fast tracks have a higher probability to be less
efficient than those without fast tracks. This is contrary to popular belief. Fast tracks generally
segregate low acuity patients to a separate physical area and frequently are managed by mid-level
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practitioners. A key to the success of these areas is the appropriate triage or designation for patients
to that area. Triage assignment error and reallocation of those patients to the appropriate service
providers can lead to inherent inefficiency.

6.4. Limitations

There were several limitations to this dissertation, which can be classified into four categories: data,
assumptions, quality factors, and generalizability.

6.4.1.

Data

This dissertation showed how simulation, optimization, and statistical models were developed to
address three main healthcare system topics. To offer practical insights, each topic was investigated
by conducting a case study using empirical data. However, the lack of complete data on these topics
resulted in some parameters of the models being estimated from other data sources or expert
opinions. The estimated data may not perfectly reflect the status of the system being investigated,
which may reduce the power of the models. For example, in Chapter 3, there was no data for a few
processes, and their parameters had to be estimated by hospital physicians based on their experience.
Since the sample size of the inputs from physicians was small, the data might be biased depending
on physicians’ experience. Although the number of those inputs was small, these inputs would have
affected the simulation results. In Chapter 4, the lack of PSHMG data led us to derive implications
for the PSHMG from a generic model that represents the U.S. population 65 and older. The
parameters of the generic model were driven based on various U.S. national databases and expert
opinions, and those parameters were scaled down for the PSHMG. A number of assumptions made
in this process would have lowered the predictive power of the SF model and the subsequent
optimization model. In Chapter 5, the data on working hours of physicians and registered nurses
underrepresented their actual working hours because it did not incorporate other elements such as
administrative hours, leave hours, and overtime. Also, the physicians’ working hours did not
include those of middle-level practitioners and residents. The insufficient input data could have
influenced the DEA results, especially for large hospitals that maintain large resources.
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However, the results from the modeling in each chapter are still meaningful because those models
were validated through calibration and statistical tests. Also, some degree of estimation errors may
be acceptable in that the focus of these models was to show the potential effects of system
improvement initiatives instead of forecasting accurate numbers. Although the values of the
simulation results would not be completely precise, the development of the models based on a large
set of empirical data contributed to providing insights into policy and managerial strategies by
testing multiple scenarios and estimating the extent of their impacts. Also, the modeling indicated
which data should be collected in order to construct a more accurate model and to draw better
implications.

6.4.2.

Assumptions

Throughout the research, it was assumed that the data obtained from the PSHMC, the emergency
department benchmarking alliance (EDBA), and U.S. national databases is accurate enough to
represent the system under investigation. Since most of the data were collected from EHRs and
reported voluntarily, data errors may exist. Although the data was cleansed to exclude missing data
and other outliers that could potentially bias the results, the possibility of certain errors still remains.
The models developed in this research were built based on assumptions that should be
acknowledged. One major assumption was associated with scenario tests. In addition to baseline
models representing the current system, we modeled various scenarios and analyzed their results
to predict potential effects of alternatives. Since no data existed for the new models, parameters of
the changes were determined by literature or expert opinions. Therefore, it is possible that different
assumptions alter the implications.
Another key assumption made in this research was that stakeholders of the system are completely
willing to accept the interventions and change their behaviors. For example, in Chapter 3, it was
assumed that all physicians would adopt the altered workflow if the new APP is introduced in a
hospital. In Chapter 4, it was assumed that PCPs and care managers would participate in the
education as the interventions are rolled out. Similar assumptions were made for patients as well.
In reality, the acceptance levels of participants would vary depending on many factors, which may
yield different effects of the interventions. Incorporation of the variations among care providers
and patients will lead to more accurate analysis.
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6.4.3.

Quality factors

Overall, this research tended to focus on efficiency-associated factors. Although some models
included factors associated with effectiveness and quality, such as disease progression rates and
LWBS rates, the models did not evaluate important quality measures such as patient satisfaction
and mortality rates. The lack of quality measures was mainly due to data insufficiency. Integrating
these quality factors with the current efficiency factors will increase the power of the model.

6.4.4.

Generalizability

Two case studies in Chapters 3 and 4 were conducted in an academic medical center and its
associated outpatient clinic groups. Since there are organizational and cultural differences between
academic and non-academic hospitals, such as teaching mission, the validity of the implications of
the case studies to other hospital types may be limited. An extended application of the studies to
other organizations would have helped generalize the research findings.

6.5. Future work

6.5.1.

Extended admission process study

In this research, the ED admission process was investigated for one inpatient department, internal
medicine, that received the largest percentage by service of all consultations requested. The results
indicated that the effects of APPs on admitted patient flow were significant, but their effects on
discharged patient flow and overall patient flow were limited. The extension of this study to include
other major inpatient units that receive a substantial amount of admissions through the ED will
allow us to better address integrated impacts of APPs on the patient flow in the ED.
This study can be also extended to investigate APPs of other hospital types and locations, such as
non-academic hospitals and rural hospitals. The expanded scope of the future study will enrich the
knowledge of the APPs with additional barriers and opportunities for the APPs. The future study
will also provide an opportunity to assess if the impacts of APPs on patient flow vary depending
on hospital characteristics, and if so, what the causes of the differences would be. The improved
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awareness of integrated patient flow and admission processes will serve as a platform to develop
strategies to better manage the care transitions.

6.5.2.

Improving the system dynamics model and broad application

As indicated in the research limitations, the lack of PSHMG data related to CKD care would have
reduced the descriptive and predictive power of the SF model. However, the modeling revealed
which data should be collected to better understand the care system and to predict dynamic
behaviors arising from the system structure. A future study will start with collecting the required
data and calibrating the current model accordingly. In addition to updating parameters, the future
study will improve the estimation of functions of qualitative variables through a survey with a panel
of PCPs and nephrologists. This survey will illuminate different mental models of two care provider
groups, which should be consolidated when developing managerial policies for care coordination.
Also, the addition of qualitative measures, such as mortality rates, patient satisfaction, and care
provider satisfaction, will help explore broader ramifications of interventions.
The research framework and models developed for CKD can be applied to other chronic illnesses
in which care coordination between care providers plays a key role. About 25% of the U.S.
population has multiple chronic conditions (MCCs), and as many as three out of four U.S. adults
aged 65 years and older have MCCs (Anderson, 2010). The high prevalence of MCCs underscores
the need for integrated approaches to improve the overall quality of care. The extended applications
of this study to other chronic diseases will provide opportunities to build an integrated model that
represents care systems for MCCs, and the model will serve as a vehicle to develop strategies for
fulfilling the need for coordinated care.

6.5.3.

Investing the relationship between efficiency and quality

In this research, the DEA models played a significant role in elucidating the performance of EDs
with respect to technical and scale efficiencies. A future study will link these findings to quality
measures in order to investigate the relationship between efficiency and quality. It is possible that
some EDs achieved high efficiency at the expense of quality. Alternatively, efficient EDs may also
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deliver better quality of care when compared to low-efficiency EDs. The future study incorporating
quality measures will offer a better overview of overall ED performance.
The future study will also include a method for finding a better proxy for patient severity. As
explained earlier, the utilization of resources is highly affected by the nature of care required for
patients. To draw reliable conclusions, the model needs to correctly reflect the different patient
severity of the EDs under investigation. The improved proxy is particularly important to understand
the performance of large hospitals since they tend to address critical cases more frequently
compared to small hospitals. A more comprehensive analysis of patient case-mix and acuity levels
may ultimately provide better insights.
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APPENDIX A
Advisory Panel Survey Form
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APPENDIX B
Causal Loop Diagram – Feedback Loops

Loop R1. R2. Impacts of educating PCPs about the KDOQI on patients with Stages 3 and 4 CKD
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Loop B1. Impacts of limited PCPs’ available hours on patients with Stages 3 and 4 CKD
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Loops R3, B3: Impacts of the enhanced PCP’s awareness of care managers’ role, and impacts
of educating care managers about the KDOQI on patients with Stages 3 and 4 CKD.
CKD progression
to stage 4

Patients' health
status

-

+

Patients with
Stage 3 CKD

Patients
engaged in care
management +
+

R3-1
+
Demand for
primary care

Quality of coaching
and education
Patients who have
coaching/education from
care managers
+

+
Patients who receive
care by PCPs

+
I-2:Care manager
education

+ Referrals to care
managers
+

I-3: Enhancement of
physicians' awareness of
care managers' role

CKD progression
to stage 5

Patients' health
status

-

+

Patients with
Stage 4 CKD

Patients
engaged in care
management +
+

R3-2
+
Demand for
primary care

Quality of coaching
and education
Patients who have
coaching/education from
care managers
+

+
Patients who receive
care by PCPs

+
I-2:Care manager
education

Referrals to care
+
managers
+

I-3: Enhancement of
physicians' awareness of
care managers' role

Patients
engaged in care
management +
+

+
Patients' health
status

Quality of coaching
and education

B3

+

Patients who have
coaching/education from
care managers
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I-2: Care manager
education

Loop B2. Impacts of limited care managers’ available hours on patients with Stages 3 and 4
CKD
CKD progression
to stage 4
-

Patients with
Stage 3 CKD

Patients' health
status
+

+
Demand for
primary care

Patients
engaged in care
management +
+
Quality of coaching
and education

B2-1
+

Patients who have
coaching/education from
care managers
+

Patients who receive
care by PCPs
+
Referrals to care
managers

+
I-2:Care manager
education

Available care
- manager hours
+

I-3: Enhancement of
physicians' awareness of
care managers' role

Total care
manager hours

CKD progression
to stage 5

Patients with
Stage 4 CKD

Patients' health
status
+

+
Demand for
primary care

Patients
engaged in care
management +
+
Quality of coaching
and education

B2-2
+
Patients who receive
care by PCPs
+
Referrals to care
managers

Patients who have
coaching/education from
care managers
+
Available care
- manager hours
+

I-3: Enhancement of
physicians' awareness of
care managers' role

Total care
manager hours
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+
I-2:Care manager
education

Loops R4, R5: Impacts of care coordination between PCPs and nephrologists on patients with
Stages 4 and 5 CKD
CKD progression
to stage 5
Patients with
CKD stage 4
+
Demand for
primary care

R4

Patients who recieve
medical care and education
by nephrologist
+

+
Patients who receive
care by PCPs
+

Referrals to
Nephrologist
+

I-4:Care coordination
between primary care and
nephrology care

Patients who recieve
care by nephrologists +

Mortality rate in for
ESRD patients

R5
Demand for
nephrology care
+

-

Patients with Stage 5 CKD
(ESRD)
Patients who live with
+ dialysis or tranplant
+

Patients who recieve
medical care and education
by nephrologist
+

I-4:Care coordination
between primary care and
nephrology care

Referrals to +
Nephrologist
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Loops B4, B6. Impacts of limited nephrologists’ available hours on patients with Stages 4 and
5 CKD

CKD progression
to stage 5
Patients who recieve
medical care and education
by nephrologist

Patients with
CKD stage 4

+

+
Demand for
primary care

B4
Available
nephrologist hours
+

+
Patients who receive
care by PCPs

Referrals to
Nephrologist
+
+

Total nephrologist
hours

I-4:Care coordination
between primary care and
nephrology care

Patients who recieve
care by nephrologists +
Available
nephrologist hours
Mortality rate in for
ESRD patients

-

B6

Demand for
nephrology care
+

-

+

Total nephrologist
hours

Patients with Stage 5 CKD
(ESRD)
Patients who live with
+ dialysis or tranplant
+

Patients who recieve
medical care and education
by nephrologist
+

I-4:Care coordination
between primary care and
nephrology care

Referrals to +
Nephrologist
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APPENDIX C
Physician Survey Results for Parameter and Effect Estimation (Physician A)
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APPENDIX D
CKD Incidence Data Used in the Stock Flow Simulation Model

Year
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021

CKD incidence
174,983
200,370
241,213
256,960
264,475
284,653
289,094
464,689
362,104
386,532
415,727
442,694
426,680
503,788
528,798
553,808
578,818
603,828
628,838
653,848
678,858
703,868
728,878

Source
Estimated from USRDS data
Estimated from USRDS data
Estimated from USRDS data
Estimated from USRDS data
Estimated from USRDS data
Estimated from USRDS data
Estimated from USRDS data
Estimated from USRDS data
Estimated from USRDS data
Estimated from USRDS data
Estimated from USRDS data
Estimated from USRDS data
Estimated from USRDS data
Extrapolation
Extrapolation
Extrapolation
Extrapolation
Extrapolation
Extrapolation
Extrapolation
Extrapolation
Extrapolation
Extrapolation

Figure D-1. Extrapolation of the CKD incidence
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APPENDIX E
Goal Programming – LINDO Code Cxample (status quo)

!PCP and CM workforce planning at PSHMG!Status Quo
!
min p1+p2+p3+p4
subject to
!Goal 1:Access
500x1+d1n-d1p=9282
2500x2+d2n-d2p=1700
!
!Goal 2:
!For status Quo, no education fee
40200x2+d3n-d3p=500000
d3p+dCn-dCp=50000
!
!Goal 3: Patient volume
500x1+d6n-d6p=9847
2000x2+d7n-d7p=2830
!
!Goal 4: Utilization of CM
1225x2+d8n-d8p=863.75
1925x2+d9n-d9p=1068.125
-350x2+d8p+dMn-dMp=0
!
!real constraint
5000x1>=10929
250x2>=421.6
!
!define priority
p1-d1n-d2n=0
p2-d3p-2dCp=0
p3-d6p-1.5d7p=0
p4-1.5d8p-d9n-2dMp=0
end
GIN x1
GIN x2
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APPENDIX F
Data Envelopment Analysis – Matlab Code Example

%% input-oriented, VRS model including a non-discretionary input variable)
% extracts the number of DMUs, inputs and outputs;
epsilon=1.0000e-07
[n,m] = size(X);
[n,d]=size(D);
[n,s] = size(Y);
%% Computes the results from the selected model;
% The results from the selected model are in matrix Z;
Z = zeros(n,n+m+d+s+1);
% Objective function of the BCC_io model: min(0*lambda - epsilon*(s+ + s-) + theta);
f = [zeros(1,n), -epsilon*ones(1,s+d+m), 1];
lblambda = zeros(n,1);
lboutput = zeros(s,1);
lbinput = zeros(m,1);
lbdinput = zeros(d,1);
lbtheta= zeros(1,1);
lb = [lblambda; lbinput; lbdinput; lboutput;lbtheta];
for j=1:n
Aeq = [-X', -eye(m,m), zeros(m,d+s), X(j,:)';
D',zeros(d,m), eye(d,d), zeros(d,s+1);
Y', zeros(s,m+d), -eye(s,s), zeros(s,1);
ones(1,n), zeros(1,m+d+s+1)];
beq = [zeros(m,1); D(j,:)';Y(j,:)';1];
z = linprog(f,[],[],Aeq,beq,lb);
Z(j,:) = z;
end
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APPENDIX G
Generalized Linear Analysis– SAS Code Example
Libname DEA "C:\0_Research\2_Emergency Department\DEA";
*import data;
Data DEA.volume2;
infile 'C:\0_Research\2_Emergency
Department\DEA\SAS_GLM_VolumeEffect.csv'
delimiter=',' dsd;
input volume $ Group $ CRS TechnicalEfficiency ScaleEfficiency;
run;
*GLM for scale efficiency by groups;
Proc GLM data=DEA.volume2;
Title "Generalized Linear Analysis for Hospital Volume";
Title2 "__________________________________________________";
CLASS Group;
Model ScaleEfficiency=Group /SS3;
*SS3 sum of square due to different group size";
LSMEANS Group /PDIFF Adjust=Tukey;
*PDIFF option computes probabilities for all pairwise differences. By
additing adjust=Tukey option, we adjust problems of running multiple ttest;
Run;
*GLM for technical efficiency by groups;
Proc GLM data=DEA.Volume2;
Title "Generalized Linear Analysis for Hospital Volume";
Title2 "__________________________________________________";
CLASS Group;
Model TechnicalEfficiency=Group /SS3; *SS3 sum of square due to
different group size";
LSMEANS Group /PDIFF Adjust=Tukey;
*PDIFF option computes probabilities for all pairwise differences.
By additing adjust=Tukey option, we adjust problems of running multiple
t-test;
Run;
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APPENDIX H
Binary Logistic Regression– SAS Code Example
libname DEA "C:\0_Research\2_Emergency Department\DEA";
*import data;
Data DEA.regression;
infile 'C:\0_Research\2_Emergency Department\DEA\DEA_regression.csv'
delimiter=',' dsd;
input Technical_Efficiency Group1 Group2 Group3 Group4 Group5 Location_T
$ Location Type Trauma Academic_T $ FastTrack Triage
Admission
EMS_arrival Ped
;
run;

*binary logistic regression;
*To model 1s rather than 0s, we use the descending option (by default,
proc logistic models 0s);
PROC logistic data=DEA.regression descending;
CLASS Location(ref='0') Type(ref='0') Trauma(ref='0') FastTrack(ref='0')
Triage(ref='0') / param=reference;
model Group1=Location Type Trauma FastTrack Triage Admission EMS_arrival
Ped;
run;
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